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Abstract— This paper presents the first application of spiking neu-
ral networks (SNNs) for the classification of chronic lower back
pain (CLBP) using the EmoPain dataset. Our work has two main
contributions. We introduce Spike Threshold Adaptive Learning
(STAL), a trainable encoder that effectively converts continuous
biosignals into spike trains. Additionally, we propose an ensemble
of Spiking Recurrent Neural Network (SRNN) classifiers for the
multi-stream processing of sEMG and IMU data. To tackle the chal-
lenges of small sample size and class imbalance, we implement
minority over-sampling with weighted sample replacement during
batch creation. Our method achieves outstanding performance with
an accuracy of 80.43%, AUC of 67.90%, F1 score of 52.60%, and
Matthews Correlation Coefficient (MCC) of 0.437, surpassing traditional rate-based and latency-based encoding methods.
The STAL encoder shows superior performance in preserving temporal dynamics and adapting to signal characteristics.
Importantly, our approach (STAL-SRNN) outperforms the best deep learning method in terms of MCC, indicating better
balanced class prediction. This research contributes to the development of neuromorphic computing for biosignal
analysis. It holds promise for energy-efficient, wearable solutions in chronic pain management.

Index Terms— Spike Train Encoder, Spiking Recurrent Neural Network, EmoPain, Chronic Pain

I. INTRODUCTION

B IOSIGNALS are pivotal in non-invasively analysing and
understanding physiological processes and human body

function [1]. Among these, surface electromyography (sEMG)
and data from inertial measurement units (IMUs) offer a
comprehensive representation of an individual’s motor be-
haviour [2]. sEMG measures the electrical activity of skele-
tal muscles, while IMUs directly quantify body segment
movements. Analysing human motor behaviour has found
widespread applications in several domains, particularly in
chronic pain management [3].

Chronic lower back pain (CLBP) is a challenging condition
that impacts millions of individuals worldwide, often resulting
in reduced quality of life and significant economic strain. The
precise detection and monitoring of CLBP are essential for
developing effective pain management strategies [4]. However,
the analysis of biosignals for this purpose presents several
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challenges. One primary challenge is signal contamination
from various sources, including motion artefacts and crosstalk
from nearby physiological processes [5]. Another lies in inter-
and intra-individual variability due to physiological differences
or factors like fatigue and stress [6]. Beyond these challenges,
sEMG data are high-dimensional and multi-channel, with a
non-stationary nature due to variations in muscle anatomy
between individuals. Similarly, IMU signals present challenges
such as drift and integration errors, sensitivity to sensor place-
ment, and the complexity of interpreting 3D motion data [7].

Conventionally, researchers have addressed these challenges
using handcrafted features and filtering techniques. While
promising, these approaches often require domain expertise
and may fail to capture the intricate dynamics of complex
biosignals [8]. More recently, deep learning models such as
convolutional and recurrent neural networks [9], [7] have
demonstrated the potential to derive intricate features from
raw data for CLBP classification. However, these models
typically demand large, high-quality datasets for training and
are computationally intensive.

Spiking Neural Networks (SNNs) offer a promising alter-
native for biosignal analysis. Inspired by biological neural
systems, SNNs process information through discrete spike
events, mimicking the communication mechanism of biologi-
cal neurons. This biological plausibility is particularly relevant
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for sEMG and IMU analysis, as SNNs can capture the complex
temporal dynamics of these signals more effectively [10].
Moreover, when deployed on neuromorphic hardware, SNNs
can operate with significantly lower power consumption com-
pared to other neural network architectures. This feature
makes them ideal for resource-constrained environments like
wearable devices [11].

Despite these advantages, a significant challenge in using
SNNs for biosignal analysis lies in converting continuous
analogue signals into binary spike trains – the native language
of SNNs. Various encoding methods have been proposed,
including rate-based, time-to-first-spike, and delta-modulated
approaches. However, these methods often struggle to preserve
the temporal dynamics of biosignals, resist inherent noise,
and adapt to signal characteristics without violating biological
constraints [12], [13].

In this paper, we present the first application of neuro-
morphic computing techniques1 to CLBP classification using
sEMG and IMU data provided in the EmoPain dataset [3].
This dataset includes recordings from 25 healthy individuals
and 21 subjects with CLBP performing a sequence of physical
exercises. We introduce two key innovations:

1) Spike Threshold Adaptive Learning (STAL): A learnable
encoder designed to convert continuous sEMG and IMU
signals into spike trains that efficiently preserve temporal
information.

2) An ensemble of Spiking Recurrent Neural Network
(SRNN) classifiers: This multi-stream SRNN uses re-
current leaky integrate-and-fire neurons to process the
spike trains and improves accuracy and robustness in
classifying individuals as healthy or having CLBP with
an ensemble of Random Forest classifiers.

By combining the biological plausibility and efficiency of
SNNs with the proven performance of ensemble learning
methods, our two-fold contribution provides opportunities for
developing more effective, personalised rehabilitation strate-
gies for individuals with CLBP. Furthermore, the proposed
approach has potential broader impacts beyond CLBP classi-
fication. It could be adapted for other biosignal analysis tasks
in healthcare, such as detecting neurodegenerative disorders or
monitoring cardiovascular health. The low-power consumption
of SNNs also makes this approach promising for long-term,
continuous health monitoring using wearable devices.

The remainder of this paper is organised as follows: Sec-
tion II reviews related work in biosignal encoding and studies
that addressed challenges defined in the EmoPain database.
Section III details our proposed method, including the STAL
encoder and the ensemble of SRNN classifiers. Section IV
presents our experimental setup and results, comparing our
method’s performance to existing approaches. Finally, Sec-
tion V concludes the paper and discusses future research
directions.

1The implementation is accessible for reproducibility purposes on https:
//github.com/freek1/emopain-stl.

II. LITERATURE REVIEW

The use of spiking neural networks in biosignal processing
has shown great promise, thanks to their biological plausibility,
lower power consumption, and reduced training requirements
compared to conventional deep learning methods [14]. How-
ever, their potential application in chronic pain detection and
identification of pain-related protective behaviour is an unex-
plored area, presenting a unique opportunity in this domain.

A critical component of using SNNs in biosignal processing
is the conversion of continuous signals into discrete spike
trains, known as spike encoding. This process is particularly
challenging for EMG and IMU data due to their rapidly chang-
ing patterns and susceptibility to noise [7]. Several encoding
methods have been proposed, each with distinct trade-offs
in temporal resolution, noise robustness, and computational
efficiency.

The use of rate-based encoding, though energy-efficient,
often faces challenges in capturing the rapid changes inherent
in EMG and IMU signals [15]. Conversely, phase coding
provides noise resilience at the cost of complex synchroni-
sation mechanisms [16]. Other techniques, including Send-
on-Delta, Ben’s spiker algorithm[17], and Variational mode
decomposition (VMD) [18], have their unique advantages in
precise spike generation or direct encoding of analogue signals
but frequently encounter difficulties in handling the intricate
dynamics of in vivo EMG and IMU data and fail to fully
leverage the spatial information in high-density EMG arrays.

Recent research has explored learnable encoders for multi-
modal biosignal analysis in SNNs [19], offering adaptability
to specific signal characteristics. However, these approaches
often need more focus on high temporal resolution, noise
robustness, and computational efficiency, which are crucial for
real-world CLBP applications using wearable sensors [20].

The limitations of existing encoding methods in handling
the unique challenges of EMG and IMU data for CLBP
classification motivate the development of a new approach.
An ideal encoder for this purpose should retain temporal
dynamics, resist inherent noise, and adjust to signal charac-
teristics without violating biological constraints. Hence, we
introduce Spike Threshold Adaptive Learning in this study,
which is designed to address the unique requirements of CLBP
classification in the EmoPain dataset.

III. PROPOSED METHOD

This section details the proposed two-stage approach for
classifying chronic lower back pain using biosignals. In the
first stage, a novel learnable encoder – Spike Threshold
Adaptive Learning (STAL) – converts biosignals (sEMG, Joint
Angle, and Joint Energy) into spike trains. In the second stage,
independent spiking recurrent neural networks are used within
a multi-stream ensemble classification framework to analyse
the encoded spike trains. This ensemble approach combines
the predictions from each modality-specific SRNN using a
Random Forest classifier to perform classification. Figure 1
illustrates a schematic of the proposed architecture.

Let X ∈ RT×c denote the input data, where T is the
number of time steps and c is the number of channels. To
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Fig. 1. A schematic of the proposed architecture, including the Spike Threshold Adaptive Learning (STAL) encoder and Spiking Recurrent Neural
Network (SRNN), which are responsible for classifying data from EmoPain [3] into Healthy and Chronic Lower Back Pain (CLBP) classes. The
multimodal biosignals consist of sEMG sensors and derived features (i.e., Joint Energy and Joint Angle) from IMU sensors. These continuous
signals convert into spike trains using the STAL encoder and are subsequently classified using an ensemble of SRNNs. The ensemble prediction is
generated using a Random Forest meta classifier.

maintain consistency in notation, we refer to the biosignal
input dimensions as “channels,” irrespective of whether they
represent physical sensor channels or derived features. The
data is segmented into windows of size ω time steps, resulting
in a collection of windowed data points denoted by X(ω) ∈
Rω×c for each window ω.

A. STAL: Spike Threshold Adaptive Learning

The STAL architecture, depicted in Fig. 2, consists of
feature extraction and feature-to-spike conversion modules.
The feature extraction module comprises two consecutive
blocks, each containing a dense layer, dropout, ReLU activa-
tion, and batch normalisation. The ReLU activation function
(ReLU(·) = max(0, ·)) introduces non-linearity, allowing the
network to learn complex patterns. Dropout helps prevent
overfitting by randomly setting a fraction of input units to 0
during training. Batch normalisation improves the stability and
performance of the neural network by normalising the inputs
to each layer.

Fig. 2. The STAL architecture consists of feature extraction and feature-
to-spike conversion modules. Here, L is the encoder loss function,
formulated in Eq. (4).

To prepare for feature extraction, we reshape X(ω) into a
feature vector Xf ∈ R1×ωc. The first block processes Xf

through a dense layer Z(1), resulting in Z(1) ∈ R1×ℓ, where
ℓ denotes the number of neurons in the layer. The second
block applies similar operations to the output of the first block,
producing Z(2) ∈ R1×ℓ.

The feature-to-spike conversion module of the STAL con-
verts the extracted features into surrogate spiking activity. This
process begins with an element-wise repetition operation on
the output of the second block using Eq. (1), expanding it to
h ∈ R1×ωψc, where ψ represents the number of spikes allowed
at each time step.

h = Repeat(Z(2), ψ) (1)

A learnable threshold vector, denoted as Φ ≜
[ϕ1, ϕ2, · · · , ϕωψc]⊤, is incorporated into the encoding
function f : R → {0, 1}. This function is designed as
a differentiable surrogate in Eq. (2) to generate binary
spike trains B ∈ {0, 1}ω×ψ×c. Each threshold, denoted by
ϕi ∼ U(a, b), ∀i ∈ {1, 2, · · · , ωψc}, is initialised from a
uniform distribution with hyperparameters a, b ∈ R+.

fsurr(h;Φ) = σ (α (h−Φ)) (2)

where σ(·) is the sigmoid function and α controls the slope of
the surrogate function. When α→ ∞, the function approaches
a true binary step function, mimicking the behaviour of real
spiking neurons.

To align the dimensions of the spike train with the in-
put for subsequent computations, we reshape B into B̂ ∈
{1, 2, · · · ,K(ψ)}1×ωc using Eq. (3). Here, K(ψ) denotes the
number of possible combinations arising from summing the
activations across ψ spike positions at each time step and
channel, capturing the temporal information about the order
of spikes within B̂.

B̂i =

ψ∑
j=1

pjBi,j,k, ∀i ∈ {1, · · · , ω}, k ∈ {1, · · · , c} (3)

where pj represents the weight associated with the j-th spike
position. This process incorporates the temporal information
about the order of spikes into the final representation, as
different spike orders will lead to different weighted sums and,
consequently, different entries in B̂.

We introduce a customised loss function to update the
parameters of the STAL encoder. This function consists of the
Mutual Information term, inspired by [21], and the Sparsity
term. The Mutual Information term (LMI) measures the extent
to which the encoder captures relevant information from the
input data (Xf ) at multiple levels of representation, i.e., the
encoded information in the hidden layers (Z(1) and Z(2)) and
encoded spike train (B̂). Meanwhile, the Sparsity term (LS )
serves as a regularisation term, encouraging the generation of
sparse spike trains that efficiently represent the input data, pro-
moting resource efficiency and robustness against overfitting.
Formally, the loss function is formulated as in Eq. (4).
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LMI = −1

3

(
I
[
Xf ;Z

(1)
]
+ I

[
Xf ;Z

(2)
]
+ I

[
Xf ; B̂

])
,

LS = λ · ||Xf − B̂||1,
L = LMI + LS (4)

where I [·; ·] computes the Mutual Information between ten-
sors, || · ||1 is the L1 norm, and λ is the strength coefficient
controlling the level of sparseness imposed on the internal
representations.

To calculate Mutual Information, the encoded information
in the hidden layers and spike train need to have the same
dimensions as the input data. We reshape the hidden layer
outputs when their dimensions differ. If ℓ < ωc, the features
will be repeated

⌊
ℓ
ωc

⌋
times. Conversely, if ℓ > ωc, average

pooling will be used with a pool size and stride of
⌊
ωc
ℓ

⌋
.

The role of LS in regulating the sparsity of the spike train
is essential. It uses L1 norm regularisation to calculate the
difference between the input data (Xf ) and the surrogate spike
train (B̂). This difference serves as an approximation of the
number of spikes in the spike train. To limit the number of
spikes to align approximately with the area of the input signal,
Eq. (5) defines the impact of the sparsity term on the training
process. This control over sparsity is achieved by taking the
derivative of the sparsity term with respect to B̂.

∂LS

∂B̂
= −λ · sign(Xf − B̂). (5)

where sign(·) is the sign function. This derivative encourages
the output values to be close to 0 or 1, leading to a sparse
output:

1) When B̂ > Xf , the derivative is negative, pushing
output values towards 0.

2) When B̂ < Xf , the derivative is positive, pushing output
values towards 1.

3) When B̂ = Xf , the derivative is 0, leaving output values
unchanged.

B. Spiking Recurrent Neural Network

The proposed spiking recurrent neural network, depicted in
Fig. 3, leverages the temporal dynamics of spike trains for
chronic lower back pain classification. The SRNN processes
the output of the STAL encoder (B̂) through a network of
Recurrent Leaky Integrate-and-Fire (R-LIF) neurons.

The network comprises L layers of R-LIF neurons, where
L = 2 in our current implementation. The first layer (i.e.,
hidden layer) contains 500 neurons, and the second layer
(i.e., readout layer) contains two neurons corresponding to the
healthy and CLBP classes. All layers implement recurrent con-
nections, allowing the network to capture complex temporal
dependencies in the input spike trains.

Each R-LIF neuron is implemented using an exponentially
decaying membrane potential, represented in discrete time
steps. For each layer l ∈ {1, · · · , L}, the membrane potential
Ul[t] and output spikes Sl[t] at time step t are computed by
Eq. (6).

Ul[t+ 1] = βUl[t] + Il[t+ 1]+

Vl(Sl[t])−Rl[t]Uthr,

Sl[t+ 1] = Θ(Ul[t+ 1]−Uthr), (6)

where β = 0.99 is the membrane potential decay rate chosen
to enhance the LIF neurons’ capacity to capture temporal de-
pendencies in input spike trains by promoting longer memory.
Il[t] is the input current for layer l. The recurrent connections,
Vl(Sl[t]), capture the impact of spikes from all interconnected
neurons within layer l. The binary vector Sl[t] represents the
output spikes of all neurons in layer l at time t. We set the
membrane threshold Uthr to 1 in this study. The binary reset-
by-subtraction mechanism Rl[t] is set to 1 when the threshold
is reached and 0 otherwise, effectively subtracting Uthr (which
is 1 in this case) from the membrane potential. Lastly, Θ(·)
refers to the Heaviside step function.

Spiking RNN
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Fig. 3. The SRNN architecture. The spike trains B̂ of each data type
(sEMG, Energy, Angle) are classified separately. T represent the total
time steps, c are the channels, τ is the time dimension of the Recurrent
Leaky Integrate-and-Fire (R-LIF) neurons.

All layers implement all-to-all connectivity. The input cur-
rents and recurrent connections for each layer are computed
using Eq. (7).

I1[t] = W{0,1}B̂[t],

Il[t] = W{l−1,l}Sl−1[t], for l > 1,

Vl(Sl[t]) = Wl
recS

l[t], for l ∈ 1, · · · , L, (7)

where W{0,1} ∈ Rn1×c, W{l−1,l} ∈ Rnl×nl−1 , and Wl
rec ∈

Rnl×nl are learnable weight matrices. Here, nl represents the
number of neurons in layer l, with n1 = 500 and n2 = 2 in
our architecture, and B̂[t] represents the input at time step t.

The SRNN processes the input over τ time steps, where
τ = 5 is chosen to capture the temporal dynamics of the R-
LIF neurons. The network’s output is computed using Eq. (8),
which accumulates the spikes and membrane potentials of the
output layer over all time steps.

Sout =
[
SL[1],SL[2], · · · ,SL[τ ]

]
,

Uout =
[
UL[1],UL[2], · · · ,UL[τ ]

]
, (8)

where the final classification is determined by the neuron with
the highest cumulative activity across these τ time steps in the
output layer.
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To handle the non-differentiable nature of spikes during
backpropagation, we employ a surrogate gradient function.
Specifically, we use the gradient of the shifted arc-tan function
in Eq. (9).

∂S

∂U
=

1

π

1(
1 +

(
πU α

2

)2) . (9)

C. Multi-Stream Ensemble Classification
We have implemented a multi-stream ensemble classifi-

cation approach using separate STAL-SRNN pipelines to
leverage the diverse information captured by various biosig-
nal modalities. This tailored approach provides customised
encoding and classification strategies for each type of data
to compensate for the information loss during continuous-to-
spike conversion and leverages cross-modal interactions. For
each data modality m ∈ {sEMG,Angle,Energy}, we train
an independent STAL-SRNN pipeline formulated in Eq. (10).

Ym = Pm(B̂m;θm), (10)

where B̂m is the output of the STAL encoder for modality m,
as defined in Eq. (3). Here, Pm(·) denotes the STAL-SRNN
pipeline for that modality, θm represents the learnable parame-
ters of the pipeline, and Ym ∈ R2 is the output prediction (i.e.,
Healthy or CLBP) for modality m. The outputs from these
individual pipelines serve as features for the meta-classifier,
which is implemented using a Random Forest classifier.

The Random Forest classifier [22] was selected as the meta-
classifier because of its ability to handle potentially correlated
features, its resistance to overfitting, and its capacity to capture
non-linear relationships between the predictions of individual
pipelines. This classifier is comprised of multiple decision
trees, each trained on a bootstrap sample of the training data
using the Gini impurity function to measure the quality of a
split. The final prediction is determined by majority voting
among the trees using Eq. (11).

ŷ = mode {RFi (YsEMG,YAngle,YEnergy)}Nt

i=1 , (11)

where RFi(·) represents the prediction of the i-th decision tree
in the Random Forest. The final prediction ŷ is determined by
majority voting among the Nt trees.

IV. EXPERIMENTS AND RESULTS

A. Dataset and Preparation
The EmoPain dataset [3] is a multimodal collection of data

from 46 participants, encompassing healthy individuals and
those with CLBP. Participants performed various exercises
(one-leg-stand, reach-forward, stand-to-sit, sit-to-stand, and
bend-down) at normal and difficult levels, with transitions
included to simulate real-life movements.

Data were collected using 18 wearable IMU sensors and
four sEMG sensors. The IMU sensors recorded full-body 3D
motion, from which 13 joint angle data (Joint Angle) and
13 angular energy data (Joint Energy) were derived. The
sEMG sensors captured muscle activity data from the right

and left upper and lower back muscle groups. The dataset
includes self-reported pain intensity ratings (0-10) from CLBP
individuals and labels for six pain-related behaviours provided
by physiotherapists. We assigned positive labels to individuals
reporting pain intensity greater than 5, resulting in 12 positive
and 34 negative labels.

To prepare the data for analysis, we addressed the variation
in recording lengths by trimming recordings that exceeded
18,000 frames by 6,000 frames from both ends. This method
allowed us to balance standardisation with data preserva-
tion, reducing information loss and the impact of stress and
fatigue [5]. We used normalisation techniques for all data
modalities (sEMG, Angles, and Energies) to ensure consistent
scaling and facilitate model training. Specifically, we nor-
malised values to a 0-1 range by subtracting the minimum
value and dividing by the maximum value within each sample.
Additionally, we zero-padded the data to match the longest
recording length (17,995 time steps). Lastly, we employed a
sliding window approach with a 3,000 time-step window (50
seconds at 60 Hz), allowing the STAL to capture longer-term
temporal dependencies and enhance robustness to noise.

B. Implementation Details
The experiments were conducted on a high-performance

computing system equipped with an AMD EPYC 7302 16-
core processor, 504GB of RAM, and an NVIDIA RTX A6000
GPU. The deep learning framework used was PyTorch version
2.3.1 [23]. The AdamW optimiser [24] was employed for
both the STAL encoder and the SRNN classifier, with fixed
learning rates of 5.0× 10−3 and 7.5× 10−4, respectively, due
to its effectiveness in handling sparse gradients, a common
characteristic in SNN training.

The number of neurons in the hidden layers was chosen
based on the size of the sliding window. As a result, both
Z(1) and Z(2) were designed with 3000 neurons each to
effectively process the temporal information within the data.
The SRNN classifier’s hidden layer was composed of 500
recurrent LIF neurons. This decision was deliberate to find a
balance between computational efficiency, model performance,
and generalisability. Additionally, to ensure that the model
learns from all classes in the context of this imbalanced dataset
with a small sample size and to mitigate any biasing effects,
we applied minority over-sampling with weighted sample
replacement during batch creation.

We conducted an empirical search to determine the effec-
tive combination of hyperparameters for the proposed STAL-
SRNN architecture. The hyperparameters we focused on were
batch size, dropout rate, and ψ. We carefully explored a range
of values for these hyperparameters, setting the batch size to
{4, 8, 16, 32}, the dropout rate to {0, 0.5}, and ψ to {5, 10}.
Our empirical findings revealed that the ideal hyperparameters
consist of a batch size of 32 for sEMG, 8 for Energy, and 16
for Angle, along with a dropout rate of 0.5 and ψ = 5.

C. Evaluation Metrics
We used both standard classification metrics and a sparsity

measure tailored to SNNs to evaluate the effectiveness of
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the STAL-SRNN framework for CLBP classification on the
EmoPain dataset. All metrics were assessed using leave-one-
subject-out cross-validation to ensure a rigorous analysis,
especially given the relatively small size of the EmoPain
dataset.

The standard classification metrics employed in this study
encompassed accuracy, F1 score, Area Under the Curve
(AUC), and Matthews Correlation Coefficient (MCC). These
metrics were suggested in the EmoPain challenge [25] for
comprehensive insights into the model’s performance across
various aspects and are formulated in Eq. (12) and Eq.(13).

Accuracy =
TP + TN

TP + TN + FP + FN
,

Precision =
TP

TP + FP
,

Recall =
TP

TP + FN
,

F1− score = 2 · Precision · Recall
Precision + Recall

, (12)

MCC = TP×TN−FP×FN√
(TP+FP )(TP+FN)(TN+FP )(TN+FN)

, (13)

where TP , FP , TN , and FN represent the number of
true positive, false positive, true negative, and false negative
predictions by the classifier, respectively.

Finally, we report the spike density of our encoded spike
trains, which we define as the ratio of spikes versus the total
number of available spikes: the fraction of used spikes. It is
computed according to (14). Since we have three data-types
(sEMG, Joint Energies, and Joint Angles), who have distinct
characteristics, we report the spike density of each in the
results, as well as the harmonic mean of the three, as we are
comparing densities.

Spike Density =

∑T
i=1

∑ψ
j=1

∑c
k=1 Bi,j,k

Tψc
, (14)

where in the numerator, the spike train B ∈ {0, 1}T×ψ×c

is summed over the dimensions of T time steps, c channels,
and ψ spikes per time steps. This is equivalent to counting the
number of spikes in the whole spike train. This is then divided
by the denominator term, which is the product of the sizes of
these dimensions, equating to the maximum possible number
of spikes. Therefore, the sparsity is defined as the fraction of
used spikes.

D. Experimental Results

Our analysis begins by inspecting the classification results
of the SRNN with each of the four encoders. This analysis
allows us to compare the effectiveness of different encoding
strategies on a challenging real-world dataset like the EmoPain
dataset.

To ensure optimal performance, we further the impact of hy-
perparameters, specifically focusing on the batch size, number
of spikes per time step, and dropout probability. This section

presents the results of our hyperparameter tuning experiments,
which ultimately led to the parameters used in the previous
classification performance analysis.

Finally, we compare the performance of our best-performing
encoder with established state-of-the-art methods for the
EmoPain classification task. This comparison is particularly
noteworthy as our approach utilises fewer parameters and
leverages a resource-efficient spiking architecture compared
to traditional deep learning methods.

1) Comparison of Encoding Strategies: To assess the relative
performance of the four spike train encoders (STAL–Stacked,
STAL–Vanilla, rate-coding, and latency-coding), we classified
each generated spike train using the Spiking Recurrent Neural
Network (SRNN) classifier, with leave-one-subject-out cross-
validation (described in Section IV-C. The results are shown in
Table I, and we report the confusion matrices of each encoder
in figure 4.

The STAL–Stacked demonstrated superior performance
across all evaluated metrics. It achieved the highest accuracy
of 80.43%, outperforming the other encoders by a significant
margin. Additionally, STAL–Stacked exhibited the best results
for Area Under the Curve (AUC) at 0.679, F1 score at 0.526,
and Matthews Correlation Coefficient (MCC) at 0.437. These
results indicate that STAL–Stacked provides the most robust
and balanced performance among the tested encoders.

Interestingly, while STAL–Stacked showed the best overall
performance, it also used the highest spike density at 0.549.
This suggests that the improved performance may be attributed
to a more information-rich encoding, albeit at the cost of
increased computational resources.

The STAL–Vanilla encoder, also proposed in this study,
emerged as the second-best performer. It achieved an accuracy
of 76.09%, AUC of 0.596, F1 score of 0.353, and MCC of
0.270. Notably, STAL–Vanilla accomplished this while using
the least dense spike trains, with a spike density of only 0.021.
This result is particularly impressive, as it suggests that STAL–
Vanilla can achieve competitive performance with minimal
computational overhead.

In comparison, the Rate-coding and Latency-coding meth-
ods showed lower performance across all metrics. Rate-coding
achieved an accuracy of 73.91% but failed to differentiate
between classes effectively, as indicated by its F1 score and
MCC of 0. Latency-coding performed slightly better in terms
of F1 score and MCC but had the lowest overall accuracy at
71.74%.

We attribute the improvement of the STAL encoders over
the baselines rte- and latency-based encoding approaches by
noting that STAL has the ability to encode spike trains both
spatially and temporally simultaneously. This is in contrast
with Rate-coding, since this method only encodes informa-
tion in the spatial domain (by proportionally correlating the
probability sum of generated spikes for each input value),
while randomly positioning the spikes in the temporal do-
main. Conversely, Latency-coding encodes information only
temporally. This is evident by the uniform distribution in the
spatial domain: i.e., at each input, it generates 1 spike while
strategically positioning the spike in the temporal domain.

STAL encodes spatially by learning a different threshold
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TABLE I
RESULTS FOR THE EMOPAIN DATASET.

Encoder Classifier Accuracy ↑ AUC ↑ F1 ↑ MCC ↑ Spike density ↓ sEMG Energy Angle
STAL–Stacked (ours) SRNN 80.43% 0.679 0.526 0.437 0.549 0.360 0.703 0.793
STAL–Vanilla (ours) SRNN 76.09% 0.596 0.353 0.270 0.021 0.007 0.439 0.528
Rate-coding [17] SRNN 73.91% 0.500 0.000 0.000 0.167 0.068 0.584 0.703
Latency-coding [17] SRNN 71.74% 0.512 0.133 0.044 0.200 0.200 0.200 0.200

Fig. 4. Confusion matrices of the encoders with the SRNN classifier.

value ϕi ∈ Φ for each feature hi ∈ h, as seen in Eq. (2).
At the same time, the loss function promotes the temporal
encoding of information by promoting spikes at the end of
the spike train to encode a high signal, as evident from the
positional encoding shown in Eq. (3).

Future work could explore techniques to further optimise the
sparsity-performance trade-off within the STAL framework.

2) Hyperparameter Tuning: This approach allows for opti-
mised performance for each data modality. The results of the
batch size experiments for each encoder and data type are
visualised in Figure 5. Based on these results, we selected the
following optimal batch sizes: 32 for sEMG, 8 for Energy, and
16 for Angle. These chosen batch sizes will be used for all
subsequent experiments.

We have also experimented with the number of spikes per
time step, ψ, where we empirically found that using 5 time
steps improved the classification performance over using 10.
Therefore, we used ψ = 5 for all experiments.

From experimenting with the dropout probability for both
STAL encoders (rate- and latency-coding are unaffected), we
found that a higher dropout probability positively affects
STAL–Stacked architecture while negatively affecting STAL–
Vanilla. We attribute this to the presence of fully connected
layers in the feature extraction layers, which allow for the
distribution of information during the dropout. In contrast,
these layers are not present in STAL–Vanilla. Therefore, we
find that a dropout probability of 0.5 is optimal for STAL–
Stacked, while a probability of 0.0 is optimal for STAL–
Vanilla.

3) Comparison with Deep Learning Models: To contextualise
our results within the broader landscape of pain assessment
methods, we compared our STAL-SRNN approach with state-
of-the-art deep learning models on the EmoPain dataset (see
Table II). This comparison serves multiple purposes:

1) It establishes a performance baseline for spiking neural
networks in chronic pain assessment, an area predomi-
nantly explored using traditional deep learning methods.

2) It highlights the trade-offs between deep learning mod-
els’ high performance and the potential efficiency ad-

Fig. 5. Influence of the batch size on the encoders with the SRNN
classifier.

vantages of spiking neural networks.
3) It shows that despite the inherent differences in in-

put processing (continuous vs. spike-based), our STAL-
SRNN can achieve competitive results in certain aspects.

TABLE II
COMPARISON OF THE PROPOSED SPIKING ARCHITECTURE WITH

STATE-OF-THE-ART DEEP LEARNING MODELS ON THE EMOPAIN

DATASET.

Methods AUC F1 MCC
Deep Learning
GRU-RNN [7] 0.855 0.765 0.411
L-SFAN [9] 0.849 0.772 0.510
Proposed Spiking Method
STAL-SRNN 0.679 0.353 0.437

Our STAL-SRNN demonstrates competitive performance
on the EmoPain dataset, achieving an AUC of 0.679 for
CLBP classification. While this AUC is lower than the deep
learning approaches (GRU-RNN: 0.855, L-SFAN: 0.849), it
is important to highlight that our method outperforms the
GRU-RNN model in MCC (0.437 vs 0.411). The competitive
MCC suggests that STAL-SRNN has the potential for balanced
classification in this domain.

V. CONCLUSION AND FUTURE WORK

In this study, we presented the first application of spiking
neural networks for chronic lower back pain classification
using the EmoPain dataset. Our work introduces two sig-
nificant contributions to the field of neuromorphic comput-
ing and biosignal analysis. We introduced Spike Threshold
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Adaptive Learning (STAL), a novel, trainable encoder that
effectively converts continuous biosignals into spike trains.
Experimental results demonstrated that STAL could preserve
crucial temporal dynamics and adapt to signal characteristics.
We also proposed an ensemble of spiking recurrent neural
network classifiers that processed sEMG and IMU data in
a multi-stream architecture and benefited from a random
forest ensemble classifier to efficiently leverage the temporal
processing capabilities of SNNs.

Our STAL-SRNN framework demonstrates outstanding per-
formance, achieving an accuracy of 80.43%, AUC of 67.90%,
F1 score of 52.60%, and Matthews Correlation Coefficient
(MCC) of 0.437. Notably, it outperforms traditional rate-
based and latency-based encoding methods and surpasses the
best-performing deep learning approach in terms of MCC,
indicating better-balanced class prediction. This achievement
was particularly significant given the challenges posed by the
small sample size and class imbalance in the EmoPain dataset.

The success of our approach could represent a significant
step forward in applying neuromorphic computing techniques
to chronic pain management challenges. By leveraging the
inherent efficiency of SNNs, our method bridged the gap be-
tween efficient spike-based computation and complex biosig-
nal analysis. The STAL-SRNN provided new possibilities for
personalised, continuous health monitoring and intervention in
chronic pain management.

Future work could explore extending the framework to
simultaneously classify pain levels and identify specific pain-
related behaviours, providing more comprehensive insights for
pain management. Furthermore, exploring the deployment of
the STAL-SRNN framework on neuromorphic hardware could
fully leverage its energy efficiency for long-term, wearable
applications.
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