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Abstract— Spiking neural networks (SNNs) present
the potential for ultra-low-power computation, especially
when implemented on dedicated neuromorphic hardware.
However, a significant challenge is the efficient conver-
sion of continuous real-world data into the discrete spike
trains required by SNNs. In this paper, we introduce Learn-
ing Adaptive Spike Thresholds (LAST), a novel, trainable
encoding strategy designed to address this challenge. The
LAST encoder learns adaptive thresholds to transform
continuous signals of varying dimensionality–ranging from
time series data to high dimensional tensors–into sparse
spike trains. Our proposed encoder effectively preserves
temporal dynamics and adapts to the characteristics of
the input. We validate the LAST approach in a demanding
healthcare application using the EmoPain dataset. This
dataset contains multimodal biosignal analysis for assess-
ing chronic lower back pain (CLBP). Despite the dataset’s
small sample size and class imbalance, our LAST-driven
SNN framework achieves a competitive Matthews Correla-
tion Coefficient of 0.44 and an accuracy of 80.43% in CLBP
classification. The experimental results also indicate that
the same framework can achieve an F1-score of 0.65 in
detecting protective behaviour. Furthermore, the LAST
encoder outperforms conventional rate and latency-based
encodings while maintaining sparse spike representations.
This achievement shows promises for energy-efficient
and real-time biosignal processing in resource-limited
environments.

Index Terms— Spike train encoder, spiking recur-
rent neural network, EmoPain, chronic pain, biosignal
analysis.

I. INTRODUCTION

SPIKING Neural Networks (SNNs) have gained increas-
ing attention due to their potential for energy-efficient

computation and their inherent ability to process temporal
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information. A fundamental challenge in realising the full
potential of SNNs lies in converting continuous signals
into discrete spike trains – the native language of these
networks. While various encoding methods exist, including
rate-based [1], time-to-first-spike [2], relative spike latency [3],
and delta modulation [4], these approaches often struggle to
effectively preserve temporal dynamics, adapt to varying signal
characteristics, and maintain robustness against noise, partic-
ularly when dealing with signals that exhibit non-stationarity,
high dimensionality, and complex temporal patterns. These
limitations restrict the application of SNNs to complex real-
world datasets.

To address these limitations, we introduce Learning Adap-
tive Spike Thresholds (LAST), a novel, trainable encoder
designed for converting continuous signals into spike trains.
LAST offers several key advantages: (i) it is applicable to
signals of various dimensions, (ii) it learns signal-specific
encoding strategies, (iii) it adapts to varying signal character-
istics, (iv) it preserves temporal dynamics, and (v) it controls
spike density through learnable parameters. Importantly,
LAST is designed to be compatible with any SNN archi-
tecture, providing a versatile encoding solution for diverse
applications.

To demonstrate the effectiveness and robustness of LAST,
we chose a challenging real-world application, i.e., biosig-
nal analysis using the EmoPain dataset [5]. This dataset,
containing surface electromyography (sEMG) and inertial
measurement unit (IMU) data, presents several significant
challenges, including multimodal signals, a small sample size,
class imbalance, and complex temporal patterns. By applying
LAST to EmoPain, we seek to validate its functionalities
within a complex scenario, wherein the combination of these
challenges serves as a rigorous assessment of the encoder’s
robustness and adaptability.

In our experiments with the EmoPain dataset, we used
LAST in conjunction with a Spiking Recurrent Neural
Network (SRNN) and an ensemble method. This specific
implementation serves as one example of how LAST can
be integrated with SNNs; however, LAST is designed to be
compatible with a wide range of SNN architectures.

In this paper, we present two key contributions:
1) The novel Learning Adaptive Spike Thresholds (LAST)

encoder for converting continuous signals into spike
trains, which is applicable to various signal dimensions
and SNN architectures.
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2) A demonstration of LAST’s effectiveness and robust-
ness in a challenging real-world application using the
EmoPain dataset, which involves multimodal signals
with small sample size and class imbalance.

The remainder of this paper is organised as follows:
Section II reviews related work in continuous signal encod-
ing, previous approaches to spike train generation, and
their applications in biosignal processing. Section III details
our proposed LAST encoder and its implementation within
a complete classification framework. Section IV presents
our experimental validation using the EmoPain dataset and
compares our results with existing approaches. Finally,
Section V concludes the paper and discusses future research
directions.

II. LITERATURE REVIEW

A. Spike Encoding Methods and Challenges
Spiking Neural Networks (SNNs) have shown great

promise, thanks to their biological plausibility and lower
power consumption compared to conventional machine learn-
ing methods [6]. However, a critical challenge in leveraging
SNNs lies in converting continuous signals into discrete spike
trains, a process particularly relevant for applications involving
complex real-world signals, such as biosignals. This process
is particularly crucial for real-time applications and hardware
implementations, where efficient and accurate signal encoding
directly impacts system performance.

Rate-based encoding [1], which represents signals through
the average firing rate of neurons, is known for its robustness
and energy efficiency. However, it struggles to capture rapid
changes in signals, potentially missing crucial information [7].
Temporal encoding methods focus on the precise timing
of spikes. While latency coding [3] offers high temporal
resolution, it can be susceptible to noise [8]. Phase coding
boasts resilience to noise but requires complex synchronisation
mechanisms [9], [10].

Similar trade-offs exist with Send-on-Delta, threshold-
based representation, Ben’s spiker algorithm, burst encoding,
step-forward, and moving window approaches. While these
methods offer unique advantages such as precise spike gener-
ation or direct encoding of analogue signals, they often come
at the cost of increased computational complexity or imple-
mentation challenges [11]. The computational efficiency of
these methods becomes particularly crucial when considering
deployment on wearable devices or in real-time processing
scenarios.

B. Challenges in Complex Signal Analysis
Complex real-world signals present unique challenges for

spike encoding methods. Using biosignals as an example,
surface electromyography (sEMG) and inertial measurement
unit (IMU) data exhibit characteristics that make encoding
particularly challenging: signal contamination from various
sources, including motion artefacts and crosstalk from nearby
physiological processes [12], inter- and intra-individual vari-
ability due to physiological differences or factors such as
fatigue and stress [13].

Beyond these challenges, such signals are often high-
dimensional and multi-channel, with a non-stationary nature.
For instance, sEMG data varies due to differences in muscle
anatomy between individuals, while IMU signals present chal-
lenges such as drift and integration errors, sensitivity to sensor
placement, and the complexity of interpreting 3D motion
data [14].

C. Existing Approaches and Limitations
In the analysis of complex signals using SNNs, various

signal-to-spike conversion methods have been proposed. One
prominent method is delta-encoding, which converts signals
into spike trains by encoding changes in signal amplitude over
time [15]. While this method is beneficial for its simplicity and
efficiency in capturing temporal dynamics, it does not fully
exploit the spatial information present in high-dimensional
signals.

Another approach involves using variational mode decom-
position (VMD) [16] to pre-process signals by decomposing
them into band-limited modes before conversion into spike
trains. While VMD can effectively handle controlled settings,
it struggles with the complex dynamics observed in real-world
scenarios, particularly when real-time processing is required.
This is because factors such as network interactions and
physiological variability can significantly influence signals in
real-world applications [17].

Recently, there has been increasing interest in learnable
encoders for multimodal signal analysis in SNNs [16], [18].
These methods offer the flexibility to adapt to specific
spatial, temporal, and cross-modal characteristics of sig-
nals, potentially outperforming simpler encoding techniques.
However, existing learnable encoders frequently fail to suffi-
ciently tackle the interconnected challenges of high temporal
resolution, noise robustness, and computational efficiency
that are essential for the real-time analysis of complex
biosignals. Additionally, many current approaches do not
adequately address the requirements for real-time processing
and hardware implementation, crucial factors for practical
applications.

These requirements–retaining temporal dynamics, resisting
noise, adapting to signal characteristics, and maintaining com-
putational efficiency for real-time processing–motivate the
development of our LAST encoder. LAST addresses these
critical challenges by learning adaptive thresholds for spike
generation, allowing it to adjust dynamically to the input signal
characteristics.

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 – Learning Adaptive
Spike Thresholds (LAST) – 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
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Fig. 1. A schematic of the proposed architecture, including the Learning Adaptive Spike Thresholds (LAST) encoder and Spiking Recurrent Neural
Network (SRNN), which are responsible for classifying data from the EmoPain [5] database. 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 LAST encoder
and are subsequently classified using an ensemble of SRNNs. The ensemble prediction is generated using a Random Forest meta classifier.

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

combines the predictions from each modality-specific SRNN
using a Random Forest classifier to perform classifica-
tion. 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 maintain con-
sistency 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. LAST: Learning Adaptive Spike Thresholds
The LAST 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.

To prepare for feature extraction, we reshape X(ω) into a
feature vector X f ∈ R1×ωc. The first block processes X f
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 LAST 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 8 ≜
[
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;8) = σ (α (h −8)) (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
input 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

p j Bi, j,k, ∀i ∈ {1, · · · , ω}, k ∈ {1, · · · , c} (3)
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where p j 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 dif-
ferent 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 LAST encoder. This function consists of the
Mutual Information term, inspired by [19], and the Sparsity
term. The Mutual Information term (LMI ) measures the
extent to which the encoder captures relevant information from
the input data (X f ) 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).

LMI = −
1
3

(
I

[
X f ; Z(1)

]
+ I

[
X f ; Z(2)

]
+ I

[
X f ; B̂

])
,

LS = λ · ||X f − 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 (X f ) 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(X f − 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 > X f , the derivative is negative, pushing output
values towards 0.

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

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

The computational complexity of LAST is O
(
ωcℓ + ℓ2

+

ωψc
)

per window, where the first term (ωcℓ) corresponds
to the feature extraction through dense layers, the second
term (ℓ2) represents the operations in the second feature

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.

extraction block, and the final term (ωψc) accounts for the
spike generation process.

This complexity scales linearly with the input dimensions
(window size ω and number of channels c), making it suitable
for real-time processing. The quadratic term (ℓ2) depends on
the number of hidden neurons ℓ, a fixed hyperparameter that
does not scale with input size. The spike generation parame-
ter ψ controls the maximum number of spikes per timestep,
providing a tunable parameter to balance computational cost
and encoding precision.

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 LAST 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 poten-
tial 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] = 2(Ul

[t + 1] − Uthr), (6)

where β = 0.99 is the membrane potential decay rate chosen
to enhance the LIF neurons’ capacity to capture tempo-
ral dependencies 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
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subtracting Uthr (which is 1 in this case) from the membrane
potential. Lastly, 2(·) refers to the Heaviside step function.

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

recSl
[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.

To train the SRNN, we use the cross-entropy loss function,
which is particularly suitable for our binary classification task
between healthy and CLBP classes. The cross-entropy loss L
is defined as in Eq. (9).

LSRNN = −

C∑
i=1

yi log(ŷi ) (9)

where C is the number of classes (in our case, C = 2),
yi is the true label (0 or 1) for class i , and ŷi is the
predicted probability for class i . The predicted probabilities are
obtained by applying a softmax function to the accumulated
output Sout and Uout. 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. (10).

∂S
∂U

=
1
π

1(
1 +

(
πU α

2

)2
) . (10)

This surrogate gradient allows us to backpropagate the loss
through the network and update the weights of the SRNN,
enabling effective training despite the discrete nature of spike
events.

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

cation approach using separate LAST-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 LAST-SRNN pipeline formulated in Eq. (11).

Ym = Pm(B̂m; θm), (11)

where B̂m is the output of the LAST encoder for modal-
ity m, as defined in Eq. (3). Here, Pm(·) denotes the
LAST-SRNN pipeline for that modality, θm represents the
learnable parameters of the pipeline, and Ym ∈ R2 is
the output prediction (i.e., probabilities for Healthy and
CLBP classes) for modality m. Each LAST-SRNN pipeline
is trained independently using the cross-entropy loss function,
as described in Section III-B.

The outputs from these individual pipelines serve as features
for the meta-classifier, which is implemented using a Random
Forest classifier [20]. 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. (12).

ŷ = mode
C

{
RFi

(
YsEMG,YAngle,YEnergy

)}Nt
i=1 , (12)

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 [5] 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 individuals
with chronic lower back pain and labels for pain-related
behaviours (protective vs. non-protective) provided by phys-
iotherapists. For the CLBP classification task, we assigned a
positive label to individuals reporting a pain intensity greater
than 5. For the pain-related behaviour classification task,
we determined the ground truth by taking the majority vote
across raters. Frames with tied votes were assigned a positive
label.

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 [12]. 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
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Fig. 4. (a) The influence of batch size on the F1 score of the proposed LAST-SRNN for each modality. (b) The spike density for the proposed
architecture as a function of (ψ, p). While the difference in spike density between (ψ, p) = (5, 0.5) and (ψ,p) = (10, 0.5) is less than 1% (0.549 vs
0.540), the former achieves better performance across other classification metrics.

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 win-
dow (50 seconds at 60 Hz), allowing the LAST 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 [21]. The AdamW optimiser [22] was employed
for both the LAST 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. Therefore, both Z(1)
and Z(2) were designed with 3000 neurons each to effec-
tively 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.

An empirical study identified optimal hyperparameters
for our LAST-SRNN architecture. The best configuration
(see Fig. 4) included 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.

The training process consisted of 30 epochs for the LAST
encoder and 25 epochs for the SRNN classifier, with early
stopping implemented to prevent overfitting. This training
regime was carefully chosen to balance model conver-
gence and computational efficiency. All the hyperparameters
and settings determined through this empirical search were

subsequently used consistently across all experiments in this
study. This approach ensures the reproducibility of our results
and allows for a fair comparison across different experimental
conditions.1

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

measure tailored to SNNs to evaluate the effectiveness of
the LAST-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, Macro F1 score, Area Under the
Curve (AUC), and Matthews Correlation Coefficient (MCC).
These metrics were suggested in the EmoPain challenge [23]
for comprehensive insights into the model’s performance
across various aspects and are formulated in Eq. (13)
and Eq.(14).

Accuracy

=
T P+T N

T P+T N +F P+F N
,

Precision

=
T P

T P+F P
,

Recall =
T P

T P+F N
,

F1 = 2 ·
Precision · Recall
Precision+Recall

, (13)

MCC =
T P×T N−F P×F N

√
(T P+F P)(T P+F N )(T N +F P)(T N +F N )

,

(14)

where T P , F P , T N , and F N represent the number of
true positive, false positive, true negative, and false negative
predictions by the classifier, respectively.

1The implementation is accessible for reproducibility purposes on
https://github.com/freek1/emopain-stl
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TABLE I
PERFORMANCE OF ENCODERS ON THE EmoPain DATABASE FOR CLBP CLASSIFICATION

In addition to these standard metrics, we introduced a spike
density measure to assess the efficiency of our encoded spike
trains. This measure provides insight into the sparsity of our
neural representations across our multimodal approach. The
overall spike density is computed as the harmonic mean of
the individual densities for each data modality, as shown
in Eq. (15).

SpikeDensity =
3∑

m
1

Dm

,

Dm =

∑T
i=1

∑ψ

j=1
∑cm

k=1 Bm,i, j,k

Tψcm
, (15)

where, Bm ∈ {0, 1}
T ×ψ×cm represents the spike train for

modality m, summed over T time steps, cm channels, and ψ
spikes per time step. The denominator represents the maximum
possible number of spikes for that modality.

D. Experimental Results
Our analysis focuses on three main aspects: (1) the per-

formance of different spike train encoding strategies with
the SRNN classifier for both CLBP and protective behaviour
classification, (2) an ablation study to understand the impact of
architectural choices and hyperparameters, and (3) a compari-
son with state-of-the-art deep learning models. All experiments
were conducted using leave-one-subject-out cross-validation
on the EmoPain dataset.

1) CLBP Classification: We assessed four spike train encod-
ing strategies using the SRNN classifier for chronic lower
back pain classification. LAST–Stacked represents the pro-
posed encoder explained in Section III-A. LAST–Vanilla
represents a simplified version of LAST–Stacked, wherein the
input is directly connected to the Repeat layer, excluding
the two feature extraction blocks. Rate-based encoding [1]
and Latency-based encoding [3] serve as baseline methods.
Table I presents the experimental results, and Fig. 5 shows
the corresponding confusion matrices.

The results indicate that LAST–Stacked achieved the best
performance across all metrics. This highlights the effective-
ness of our proposed method’s architecture, particularly its
feature extraction blocks, which enhance classification accu-
racy and discriminative power. While the F1 score does not
match the levels achieved by highly optimised deep learning
methods in our previous work [14], [24], this gap should
be considered within the broader context of neuromorphic
computing. Our primary objective extends beyond compet-
ing directly with deep learning in raw performance metrics.

Fig. 5. Confusion Matrices of the Encoders with the SRNN classifier for
CLBP Classification.

Instead, we focus on demonstrating the potential of Spik-
ing Neural Networks (SNNs) for energy-efficient biosignal
processing. This highlights the unique advantages of neuro-
morphic computing beyond mere performance metrics.

The distinction between LAST–Stacked and LAST–Vanilla
highlights the importance of incorporating feature extraction
blocks. These elements are important for developing more
discriminative representations, which significantly enhance the
performance of LAST–Stacked. Additionally, the performance
of LAST–Vanilla, even with minimal spike density, suggests
its potential utility in resource-constrained environments.

Baseline methods demonstrated notable limitations. Rate-
based coding demonstrated reasonable accuracy but struggled
to distinguish between classes effectively, as indicated by the
F1 score and MCC. Latency-based encoding showed lower
overall accuracy, highlighting the importance of combining
spatial and temporal encoding strategies for optimal results.

2) Protective Behaviour Classification: To illustrate the
adaptability of our framework, we evaluated its performance
on protective behaviour classification using physiotherapist-
provided labels in the EmoPain dataset. The results presented
in Table II and Fig. 6 reinforce our previous findings, show-
casing LAST–Stacked’s robust performance in this additional
classification task.

The F1 score achieved by LAST–Stacked in protective
behaviour classification indicates its effectiveness in identi-
fying instances of protective behaviour when they occur. This
characteristic is valuable in clinical settings, where accurately
detecting protective behaviours is critical, even if it comes
at the expense of some false positives. Such a trade-off can
be advantageous in scenarios where missing instances of
protective behaviour could have more serious consequences
than false alarms.

Analysing the performance patterns across encoders pro-
vides valuable insights into the nature of protective behaviour
classification. LAST–Stacked’s higher spike density compared
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TABLE II
PERFORMANCE OF ENCODERS ON THE EmoPain DATABASE FOR PROTECTIVE BEHAVIOUR CLASSIFICATION

Fig. 6. Confusion matrix for protective behaviour classification.

to CLBP classification indicates that identifying protec-
tive behaviours necessitates richer temporal information.
LAST–Vanilla’s performance with minimal spike density fur-
ther supports this observation, underscoring the importance of
detailed spike representations for this specific task.

The baseline methods showed considerable limitations in
this task. Rate-based coding performed poorly, achieving only
modest accuracy with a negative MCC, indicating performance
worse than random chance. Although latency coding demon-
strated some improvement, its performance remains below
that of the LAST method, highlighting the critical role of
adaptive threshold learning in capturing complex movement
patterns.

3) Ablation Study: The performance differences between
LAST–Stacked and LAST–Vanilla across both classifica-
tion tasks warranted further investigation of our architec-
tural choices. We focused particularly on the impact of
batch size and the relationship between spike generation
parameters (ψ, p).

Figure 4(a) reveals distinct optimal batch sizes for different
modalities. These variations likely stem from each modal-
ity’s unique temporal characteristics and information density.
Smaller batch sizes for certain modalities (e.g., Energy) sug-
gest these data types benefit from more frequent parameter
updates, possibly due to their more variable temporal patterns.

The relationship between spike generation parameters
(see Fig. 4(b)) provides crucial insights into the efficiency-
performance trade-off in our architecture. While configurations
of (ψ, p) = (5, 0.5) and (10, 0.5) produced similar spike
densities, the former achieved better performance across
classification metrics. This finding suggests that increasing
the number of potential spike positions does not necessar-
ily improve classification performance. Instead, the balance
between sufficient temporal resolution and efficient spike
generation appears more crucial for effective biosignal
encoding.

These ablation results support our architectural choices
in LAST–Stacked. The feature extraction blocks, despite

TABLE III
COMPARISON OF THE PROPOSED SPIKING ARCHITECTURE WITH

DEEP LEARNING MODELS ON THE EmoPain DATASET

increasing computational complexity, are vital for capturing
nuanced temporal dynamics in both CLBP and protective
behaviour classifications. The ability to maintain good per-
formance with carefully chosen parameters demonstrates the
framework’s potential for optimization in resource-constrained
applications.

4) Comparison With Deep Learning Models: Our compar-
ison with state-of-the-art deep learning approaches provides
valuable insights into the current capabilities and limitations
of spike-based computation for biosignal analysis. Table III
summarizes this comparison for both CLBP and protective
behaviour classification tasks.

For CLBP classification, our spike-based approach demon-
strates competitive performance in balanced classification,
particularly evident in the MCC scores. While deep learning
approaches achieve higher overall accuracy and AUC, these
gains come at the cost of substantially greater computational
resources. This narrow performance gap suggests that our
spike-based approach effectively captures the essential class
discrimination patterns.

The protective behaviour classification results reveal inter-
esting trade-offs. Our method shows particular strength in
positive class detection, which is especially relevant for clin-
ical applications. However, the lower AUC and MCC scores
compared to deep learning methods indicate that maintain-
ing consistent performance across all classification scenarios
remains challenging within the constraints of spike-based
computation.

A key advantage of our approach lies in its potential for
energy efficiency, particularly when implemented on neu-
romorphic hardware. Traditional deep learning approaches,
while achieving higher accuracy in some metrics, typically
require substantially greater computational resources. Our
work explores this fundamental trade-off between computa-
tional efficiency and classification performance, establishing a
foundation for low-power biosignal analysis systems.
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These results demonstrate both the promise and current
limitations of spike-based computation for complex biosignal
analysis. We achieve competitive performance in key metrics,
validating the potential of our approach for efficient neuromor-
phic implementation. Sparse representations translate directly
to reduced energy consumption on neuromorphic hardware,
a key advantage for resource-constrained applications. The
varying performance across tasks provides valuable insights
for future development, suggesting areas where architectural
improvements might bridge the remaining performance gap
with deep learning while preserving the inherent efficiency
advantages of neuromorphic computation.

V. CONCLUSION AND FUTURE WORK

Neuromorphic computing has great potential for ultra-
low-power signal processing. However, converting continuous
signals into spike trains is still challenging. In this paper,
we introduced Learning Adaptive Spike Thresholds (LAST),
a method designed to address this challenge. The LAST
encoder learns adaptive thresholds for generating spikes,
preserving spatio-temporal dynamics while keeping represen-
tations sparse across various signal dimensions. This sparsity
helps make neuromorphic systems more efficient, reducing
power use as seen in recent advances [27]. To demonstrate
how well LAST works, we tested it on biosignal analysis
with the EmoPain dataset, which includes challenges like
small sample sizes, class imbalance, and complex temporal
patterns.

Our experiments demonstrated that LAST can handle com-
plex classification tasks within the constraints of spike-based
computation. We achieved competitive results in classify-
ing CLBP and promising outcomes in detecting protective
behaviours. These results were reached using sparse spike
representations (i.e., 54.9% and 65.0% spike density) for
CLBP and protective behaviour classification, respectively.
This suggests that LAST fits well with energy-constrained
neuromorphic systems.

LAST’s success in managing multimodal biosignals sug-
gests its potential for applications beyond healthcare. As a
signal-agnostic encoder, it handles various signal types, from
one-dimensional time series to high-dimensional tensors. This
versatility makes LAST valuable for fields such as audio pro-
cessing, image analysis, and environmental monitoring [28].
Additionally, LAST’s capability to manage small datasets and
address class imbalance renders it particularly practical when
large-scale data collection is challenging or costly.

Several research directions are worth exploring next. First,
running LAST on dedicated neuromorphic hardware plat-
forms, like Intel’s Loihi [29], could help fully realise its
potential for low-power computation. Recent progress in these
platforms, reaching femtojoule-level power consumption per
synaptic operation [30], [31]. Also, looking at more advanced
architectures, such as spiking transformers [32], [33],
along with new learning methods that combine supervised
global learning with local mechanisms [34], could improve
LAST’s ability to capture complex temporal dependencies.
These developments could extend our framework’s capabilities
beyond classification to include predictive functions.

In healthcare, future work could investigate pain progres-
sion patterns through longitudinal studies, integrate additional
physiological markers (e.g., heart rate variability, skin con-
ductance) for developing early warning systems, and explore
closed-loop control systems for automated interventions.
These extensions would need careful consideration of clinical
requirements and additional data collection protocols, but
they have the potential to greatly improve pain management
strategies.

Overall, the LAST encoder shows promise in connecting
conventional signal processing with energy-efficient neuromor-
phic computing. By providing a robust and adaptable solution
for continuous signal encoding into sparse spike trains, LAST
establishes a foundation for developing energy-efficient intel-
ligent systems across diverse application domains.
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