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Abstract: Pain assessment is an active field of study with the accurate measurement of the extent of pain being a major
problem particularly in individuals who are unable to communicate. Hence, the need to manage pain correctly triggered
innovation. In this research, we propose a hybrid model that is based on bidirectional long-term memory (BiLSTM)
with a multi-headed attention mechanism, integrated with convolutional neural networks (CNNSs), to classify levels of
pain based on physiological indicators. Experiments have been conducted using BioVid Heat Pain database (Part A),
employing an efficient feature extraction method and simplified preprocessing to capture subtle patterns that might be
missed by conventional models. The proposed design also leverages the integration of iterative and convolutional
modules to extract self-referential time patterns. To analyze the impact of multimodal signal integration, three different
arrangements of electrocardiogram (ECG), electromyography (EMG), and galvanic cutaneous response (GSR) signals
were evaluated, and the proposed hybird approach was compared with two deep learning architectures: CNNs and
BiLSTM. The results showed that the signal order significantly affected performance, with the best results achieved
in the third order using the BiLSTM-Attention-CNN model, which once again proved that the system was effective in
accurately identifying pain.
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BioVid heat pain, Hybrid deep model.

1. Introduction

The issue of pain assessment is a critical one in
the contemporary medicine. The management and
assessment of pain is essential in the work of
clinicians as it aids in proper diagnosis, directs the
process of treatment, and helps manage the pain
properly. Based on the International Association to
the Study of Pain (IASP), pain definition is: an
unpleasant sensation and emotion that is related to, or
similar to that, actual or possible tissue injury. Pain is
an inherently multifaceted, which involves emotion
and sensation. Neuropathic pain and psychogenic
pain are conditions that show that one can experience
pain in the absence of tissue damage [1-3].

The most common use of self-reporting in a
clinical setting is regarded as the foundation of most
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of the pain assessment procedures. These procedures
are very subjective and not very reliable in case the
patient has communication problems including non-
verbal disorders, dementia, or the neonate [4]. Due to
the subjectivity of pain that is experienced by every
individual and the inability of some individuals to
express the pain, there is continuous development in
automatic Al-based pain classification methods. This
has been done in terms of physiological signals which

include  galvanic  skin  response  (GSR),
electrocardiogram (ECG), and electromyogram
(EMG) [1].

Pain represents the fact that the body requires
medical care. Majority of the conventional pain
identification methods depend on the subjective
judgment and observation of humans. In addition, the
weakness of these approaches is the unavailability of
universal and reliable guidelines. As such, automated
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pain recognition is required. In such systems,
behavioral and physiological data are used such as
expressions, movements, sounds, or a combination of
these is utilized in classification. The use of only
behavior may be problematic since patients will
repress or overdo displays of pain, and pain behavior
is influenced by personality.

Therefore, physiological signal-based pain
identification is crucial [5]. This technology is
particularly helpful for individuals unable to
communicate discomfort, including young children,
neonates, and older adults with dementia.

Accurate pain assessment—subjective and
multidimensional as it is—remains challenging.
Although verbal reports, pain scales, and visual
analog scales are common, they are often invalid for
cognitively  impaired  individuals.  Objective
physiological parameters may provide a solution.
Existing coding systems for facial expressions are
expensive, inefficient, time-consuming, or
insufficiently validated. Using lessons learned from
prior work, the BioVid dataset was created with
physiological as well as visual signals for developing
automated pain recognition system; participants were
exposed to controlled painful heat stimuli [6].

This work introduces a novel deep hybrid model
that merges both Bidirectional LSTM, multi head
attention and Convolutional Neural Network layers to
classify pain intensity levels from electrocardiogram,
galvanic skin response, and electromyography
signals leveraging the publicly available BioVid part
A dataset. The paper is organized as: we define the
motivation and problem in Section 2; hypothesis to
tackle such challenge is presented in Section 3;
Section 4 provides an overview of related efforts in
pain recognition and assessment using physiological
indicators; Section 5 expounds on the materials,
preprocessing steps, model architectures explored,
and performance metrics employed; Section 6
discusses the outcomes of our experiments; in
Section 7 offer conclusions and potential directions
for future work; finally, Highlighting the main
scientific contribution in Section 8.

2. Problem
motivation

statement and research

Health professionals still rely heavily on patients
describing how much something hurts, yet such self-
reports can be inconsistent and unreliable, especially
for children, individuals with cognitive impairments,
or non-native speakers. This gap is the cause of
demand to have objective measurement of pain, and
hope is that better data will lead to its proper
treatment and minimize unnecessary pain. Accurate
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assessment of pain is not a clinical nicety, it can
elevate mood, decrease anxiety, regain confidence,
and assist patients in being connected to friends and
family, rather than being confined within their own
bodies [7]. In spite of the quick development of
artificial intelligence (Al), automated pain evaluation
continues to encounter basic issues that compromise
the accuracy and performance of models in a real-
world clinical environment. The first one is that
available datasets are limited and biased, and in many
cases, those do not represent diversity in terms of age,
gender, ethnicity, and health status, which leads to
poor generalization models. Moreover, pain
manifestation is already a complicated matter and is
diverse in individuals, both in terms of behavior and
physiology. The combination of multimodal
evidence, which includes facial expression, audio
signals, and physiological signals, is an important
technical issue that demands advanced algorithms
and a large amount of computing resources.

Additionally, reliance on patient self-reports is
unreliable because of over- or under-reporting due to
psychological or social factors, which degrades data
credibility. Pain assessment is further complicated in
non-verbal populations such as dementia patients and
individuals ~ with ~ communication  disorders,
necessitating non-verbal vital-sign analysis. Finally,
most current studies lack unbiased, continuous pain-
monitoring systems; real-time, automatic monitoring
could greatly improve healthcare quality and support
immediate, objective medical decisions [4, 5].

This work aims to create deep learning (DL)
model which automates analyses traditionally
requiring manual expertise, particularly precise
feature extraction from physiological signals.

3. Research hypothesis

The problems that were explained in Section 2 are
not going to go away in a hurry in this research, we
argue, and that makes our hypothesis that the
combined structures of such BIiLSTM and CNN
models will yield better pain-classification results
compared to single-architecture all the more so. We
base this hypothesis on the ability of mixed models to
produce complex features from multimodal
physiological data We also put forth a hypothesis that
adding in temporal dynamics—following how the
body's vital signs change over time—will reinforce
the model's capability for tracking dynamic jumps
between levels of pain. Static or instantaneous
measurements only consider particular points at
which there is a change; they ignore all of the
important time frame around when pain starts and
moves on.
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4. Related work

Pain assessment and recognition have attracted
considerable academic and clinical interest in recent
years. Researchers have combined many databases—
often obtained from hospitals or created speci fically
for this purpose—with various Al approaches.
Multimodal datasets containing physiological signals
such as ECG, EMG, and GSR have proven especially
valuable because of their ability to distinguish and
evaluate pain of all types and levels. Consequently, a
significant body of research has used biosignals to
interpret pain. This section summarizes recent
developments in automated pain assessment and
recognition systems employing machine-learning
and Al techniques; Table 1 provides an overview of
key studies.

Philip Gouverneur et al. (2021) compared several
methods for extracting features from physiological
signals for pain recognition using a new database,
PainMonit (PMDB), which contains both objective
(e.g., temperature) and subjective (participant
reports) assessments of thermal pain in 52
participants. Five methods—including manual
feature engineering as well as deep feature learning—
were tested on BioVid and PMDB.

The research established that even traditional
feature-extraction techniques can compete with DL
and that the complexity of the model is not always
relevant to the improvement of the performance. The
self-reports of participants were proven to be a good
substitute of the objective data [8].

This is because the research is limited by the fact
that it uses the EDA signal, which adds bias to it and
limits its scope. Disregard of individual differences
amongst the participants can decrease the accuracy
and generalizability. In addition, the existing
classification procedure is not very precise, which
means that it can be enhanced with better multimodal
data fusion and more analytical procedures, in
particular [8].

Patrick Thiam et al. (2021) emphasized the
benefits of deep neural networks, such as automatic
feature learning and high adaptability, but two
significant issues, namely, a large dataset is required,
and overfitting may occur. They had suggested
multimodal deep-learning methods with supervised
and self-supervised learning, to enhance accuracy on
the basis of physiological signals.

Self-supervised  learning  improved data
efficiency by generating synthetic physiological data
and updating models trained on small datasets [9].

The study is limited by scarce labeled data, the
complexity of pain recognition requiring careful
hyper-parameter tuning, and data collected in
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controlled settings, highlighting the need for
validation in diverse environments [9].

A multimodal method of using electrodermal
activity (EDA) signals as well as facial expressions
for measuring post-operative pain in children was
suggested by Busra T. Susam et al. (2021), as self-
reports are inaccurate. The ability to combine EDA
with facial expressions enhanced performance, with
the accuracy of 90.91% (81.82% specificity, 100%
sensitivity) to classify clinically significant pain. A
weighted maximum-likelihood algorithm  was
successful in selecting features between the two
sources [10].

Small pediatric dataset, noise in EDA and video
signals, individual variation in pain responses, and
high sensitivity of the models to close tuning, which
can influence the generalizability and clinical
applicability, are some of the limitations of the study.
Even in spite of such shortcomings, their research
gives a good base upon which non-invasive and
objective methods of measuring pain among children
can be developed, and more studies are required to
broaden the range of application and enhance the
accuracy of the prototypes [10].

Kelati et al. (2022) created an ML-based classifier
to recognize the degree regarding pain depending on
facial EMG signals (corrugator and zygomaticus),
utilizing BioVid Heat Pain Data-base. It was found
that the method had an accuracy of 99.4% in the
detection of pain tolerance (PO vs. P4) and did not
involve subject bias [11].

The research mainly focuses on the possibility of
facial EMG (fEMG) signals, restricting its
application to the general settings. Also, a feature
selection bias and additional optimization required in
real world applications limits the applicability as well
as strengths of the proposed approach [11].

Stefanos Gkikas et al. (2022) applied ECG signals
to find heartbeat-interval features through the Pan-
Tompkins algorithm. Three ML models have been
evaluated for binary and multiclass pain classification.
Existence of considerable gender differences
developed: males were less sensitive to pain,
particularly at high levels. Aging was associated with
a reduction in pain perception, which puts the person
at risk of injury. According to the authors, it was
suggested to adapt pain-assessment instruments to the
demographic factors [12].

This study has a number of shortcomings which
are to be taken into consideration.

First, it has used only the electrocardiogram
(ECG) signal without involving other physiological
signals, which could be a constraint of the accuracy
of the classification of pain levels.
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Table 1. Summary of related work
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Ref | Year Methods Dataset Signals Pain Type |Levels Results
5
L EDAECG, CNN: 87.41% MLP:
[8] |2021| \y o Hg';'g’ombme ; E;\‘/’I\ég EMG, IBI, HR, Heat "2’2’5 86.50% HCF Combined
' BVP 86.34%
Levels
BioVid 5 Accuracy
[9] | 2021 DDCAE, SenseEm- EDA,ECG, Heat Levels | 84.25%, 83.99%, 81.05%
SSL otion EMG, RSP &4 F1 Score
Levels | 81.48%, 78.66%, 79.78%
Accuracy
0
[10]| 2021 SVM BioVid EDA Heat 5 90.91%
Levels Recall
81.82%
C 5 Accuracy
[11]|2022 KNN BioVid EMG Heat Levels 99.4%
LDA, SVM LN, SVM S 5 Accuracy
[12]) 2022 RBF BioVid ECG Heal | Levels | 67.00% with SVM LN
- EDA,ECG, 5 Accuracy
[13] | 2022 DT BioVid EMG Heat Levels exceeding 90%.
3
L EDAECG Heat
CNN BioVid ' ' ; Levels Accuracy
[5] | 2023 BILSTM Emopain EM?”' dse‘c’)””d’ Cg;ocrl‘(";;‘r’]w 0-10 84.8%, 87.8%
levels
Video Masked Video for Chronic 15 Accuracy
[14]| 2023 AutoEncoder UNBC FACS Shoulder Pain levels 96%
TimeSformer BioVid EDAECG, Heat 5 F1 Score
ViViT EMG levels 94%
. S Shoulder Pain 5 Accuracy
[15]|2023| 1D-CNN & BiLSTM BioVid EDA Heat Levels 91.5%
MSCN Accuracy
85.56%
[16] | 2023 SEResNet BioVid EDA Heat > F1 Score
Transformer Encoder + levels
TCN 85.49%
Accuracy
[17]]2024 Transformer BioVid ECG, EMG, Heat 5 Binary Class 82.74%
GSR levels .
multilevel 39.77%
. . Accuracy
[7] |2024| ~ machine learning Biovid | ECC EMG, Heat 5 Binary Class 87%
algorithms GSR levels .
multilevel 52%
MSWDCN+ ACFN+ S 5 0
[18]] 2024 TCCAN BioVid EDA Heat levels 81.25%
5
[19]| 2024 CNN,LSTM BiGRU, BioVid EC%SERMG’ Chrol_r|1?stLow levels Accuracy
DNN Emopain . ; 0-10 87.8%, 84.8%
Sound, video Back Pain
levels
ECG, EDA, .
[20]|2025|  RF, KNN, SVM RESP, ppG, | EMotionally | ! | F1 Score
PPT. FT Induced Pain | levels 0.83%
Accuracy
83.05%, 82.69%
For EDA
. . 84.15%, 83.35%
multimodal fusion s ECG, EDA, 5 .
[21]} 2025 (RF/DNN/Auto-Encoder) Biovid Video Heat levels For (Video + EDA)
F1 Score
81.66, 80.18
For EDA
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82.86, 82.36
For (Video + EDA)
5
. S ECG, EMG Heat
combines CNN, BI- BioVid ! ' ; levels Accuracy
[221)2025| 'St and BI-GRU | Emopain GSR Chronic Low | 5 ;5 > 90
Sound, video Back Pain levels

Moreover, the results regarding the models of
classification have been poor, and the model could
not distinguish among various pain levels with a
maximum accuracy of 23.8% which means that it was
difficult to distinguish similar levels of pain. Lastly,
validation was done by the LOSO method that cannot
grantee the generalizability regarding the findings to
other populations [12].

According to Peter Bellmann et al. (2022),
BioVid has been argued as one of the most
complicated physiological-signal classification tasks
to be automatically identified by its intensity of pain.
They demonstrated with the help of chaos theory that
the task is very complex and provided a numerical
instrument to estimate the complexity and tested it on
simpler tasks like handwritten-digit recognition.
They suggested accounting nonlinear dynamics of
signals and new measures of evaluation besides
accuracy [13].

This study was limited to analyzing the
complexity of pain classification using chaos theory,
without focusing on improving the accuracy of the
models. It relied on only one model (Decision Tree),
which limited the results to its analytical framework.
Furthermore, it used manual features taken from
previous studies rather than features extracted using
modern methods, which could lead to the limitation
of the generalizability of results. The proposed
"chaos check" test is a preliminary step, and further
studies are needed to confirm its effectiveness on
different databases and signal types[13].

Kim Ngan Phan etal. (2023) have introduced a
DL approach in order to classify pain vs. non-pain
states using physiological signals without manual
feature engineering. Multi-level context information
was leveraged, outperforming single-context
methods. On BioVid Part A and Emopain 2021, the
model achieved 84.8 % + 13.3 % accuracy (87
participants) and 87.8 % = 11.4 % (67 participants,
LOSO) [5].

Benavent-Lledo et al. (2023) achieved >96 %
pain-estimation accuracy using single-frame facial-
expression  analysis and  transformer-based
architectures on BioVid and UNBC-McMaster
datasets, establishing a new benchmark [14].

The study showed that incorporating temporal
information did not improve pain detection accuracy,
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with difficulty distinguishing between categories due
to overlapping data and poor performance regarding
CNN model, along with the problem of overlearning
and limited data, as well as the impact of cultural and
psychological factors related to the subjective nature
of pain [14].

Pinzon-Arenas et al. (2023) combined 1D-CNN
and BIiLSTM to detect continuous pain using phase-
EDA features. With 36 participants, the model
achieved 91.5 % accuracy on BioVid, confirming the
effectiveness of neurocutaneous EDA signals [15].

Current pain assessment methods rely on
subjective measures, and previous studies did not use
sequence-to-sequence  method  for  detecting
persistent acute pain, resulting in limited accuracy
with the highest F1-score being only 77.8% [15].

Zhenyuan Lu et al. (2023) suggested a
transformer-encoder model of physiological-signal
based pain classification named PainAttnNet. The
model is a hybrid of MSCN, SEResNet and a
transformer module with TCN and multi-head
attention, which is more effective than earlier
approaches on BioVid [16].

The model does not combine two or more
physiological signals like ECG or EMG as opposed
to single physiological signal (EDA) which can be
restrictive to the completeness and accuracy of the
assessment [16].

Stefanos Gkikas et al. (2024) suggested a
multimodal framework combining facial video and
ECG signals with AugmNet-based reinforcement
learning, achieving 82.74 % binary and 39.77 %
multilevel accuracy on BioVid [17].

The research has been carried out on small sample
under controlled laboratory conditions, which could
limit generalizability to real-world settings. Inter-
subject variability, sensor noise, and challenges in
multimodal signal fusion could affect model
robustness. Additionally, the deep learning models
provide limited interpretability of the underlying
physiological mechanisms.generalizability to real-
world settings. Inter-subject variability, sensor noise,
and challenges in multimodal signal fusion could
affect model robustness. Additionally, the deep
learning models provide limited [17].

Da’ad Albahdal etal. (2024) have utilized ECG,
GSR, and EMG signals from Bio-Vid in order to
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develop an objective pain-classification tool.
Random Forest achieved 87 % binary and 52 %
multilevel accuracy, supporting field deployment via
wearables [7].

The most limitation of this study pain assessment
is the scarcity of datasets, preventing validation of
models across diverse scenarios. The predefined heat
pain window in the dataset (BioVid) is 5.5sec, which
cannot be sufficiently long with regard to accurate
automated pain intensity estimation. Moreover,
emotions, anxiety, sleep, and other experiences can
influence physiological signals responding to pain [7].

JiaHao Li et al. (2024) introduced EDAPainNet
for pain assessment using EDA signals. Combining
MSWDCN, ACFN, and TCCAN, the model achieved
81.25 % accuracy on BioVid, outperforming prior
methods by >2 % [18].

The primary weaknesses of the study include: the
model relies on few physiological signals that limits
generalizability; the experiment was performed in
controlled laboratory settings and it lowers the
diversity of the participants; and the model does not
account for psychological and individual differences
factors that contribute to pain which limits the
personalization related to the model and its
adaptation to the individual variation [18].

Chandan Kumar Behera etal. (2024) have
proposed a deep-learning method, which combines
the classification of the multi-level information of
pain by utilizing both BioVid and Emopain-2021
demonstrating the 87.8% accuracy (Pain-0 vs. Pain-
4) in the absence of extensive medical knowledge
[19].

Eun-Hye Jang et al. (2025) classified the
perceived pain level in respect to the same stimulus
by various physiological indicators (ECG, SC,
respiration, PTT) and emotional ratings.
Electrodermal responses (SC) were the most valuable
biomarkers with 112 participants (F1 = 0.83 pain vs.
baseline; F1 = 0.73 across pain levels), which proves
the usefulness of the personalized pain-assessment
models [20].

Limitations of the study are it consists of small
sample sizes of some levels of pain, which could
result in models’ overfitting; a focus on static
snapshots regarding physiological response with no
dynamic time analysis; relying only or participant
self-assessment regarding pain, limiting objectivity;
and narrow range of emotional pain stimulus (anger);
failing in fully representing diverse emotional
experiences. Such constraints have implications on
the generalizability and reliability of the model,
indicating the necessity to conduct future research,
which involves larger sample sizes, incorporating
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time dynamics, integrating multi-measurement and
expand the emotional stimulus range [20].

A multimodal system, which Jaleh Farmani et al.
(2025) suggested, combines facial expressions as
well as physiological (ECG, EDA) signals from
(BioVid). CNN-LSTM with video attention and
LSTM on signals, EDA alone produced over 83%
accuracy and video-EDA combination produced
84.15% accuracy (F1 = 82.86%) in binary no pain vs
severe pain classification [21].

The model is limited by issues concerning the fact
that it has been tested on a small experimental dataset
that can lead to the generalizing the results to wide
range of clinical or natural settings. In addition, the
use of certain physiological signals and facial
expression data in a certain situation is not exhaustive
in the variety of pain patterns, types, and various
backgrounds of the study participants [21].

Mattikurava Sowmya et al. (2025) introduced a
hierarchical CNN-BiLSTM-BiGRU model using
multi-level contextual information without complex
preprocessing. High performance was achieved on
BioVid and Emopain-2021, demonstrating scalability
[22]. The limitations are associated with traditional
methods that rely on manually extracted features
informed by medical expertise

5. Materials and methods

5.1 Physiological interpretation of learned
features

Physiological signals provide an objective
window into the autonomic and neuromuscular
responses of the body to pain.

ML /DL in

Automatic Pain
Assessment
1
1

1
Physyological Wearable
Based Senssor
Unimodal
Approches

Behavior Based

salFace Expression

Multimodal
Approches

= Body Movment L2

Linguistic
Analysis

Figure. 1 A schematic representation of the structure of
the related work [7]
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Unlike self-reported scores, these biosignals
capture real-time changes driven by sympathetic
activation, cardiovascular modulation, and muscle-
activity adaptations that accompany nociceptive
processing.

Thus, ECG, EMG, and GSR analysis allows the
model to identify the patterns of pain based on
established biomedical processes. All signals
represent a unique physiological pathway in which
pain is involved and these signals present a
multimodal representation of the bodily reaction
toward noxious stimuli complementary to each other
[23, 24].

5.1.1. Physiological interpretation of ECG in relation to
pain

ECG activity especially metrics based on heart
rate variability (HRV) have generally been utilized
for indexing the response regarding autonomic
nervous system to pain. In addition, the HRV
represents the ratio of the sympathetic and
parasympathetic systems, and it has been
demonstrated by a series of studies that painful
stimulation can change this balance considerably. As
an example, a review of systematic literature
discovered that experimentally induced pain
correlates with higher sympathetic and lower
parasympathetic (vagal) tone as indicated by
measures of the HRV frequency domain [25, 26].

There is also meta-analytic evidence suggesting
that chronic pain states are associated with a
progressive decrease in high-frequency HRV, and it
suggests a loss of parasympathetic control [25, 27].
The fact that these physiological alterations are
consistent with the notion of pain causing a stress-like
autonomic response makes HRV an excellent
indicator of pain assessment [25, 28].

5.1.2. Physiological interpretation of EMG in relation
to pain

EMG can be defined as a mode of muscle
electrical activity, which represents recruitment of
motor units, their rate of firing, and coordination. The
effect of pain on voluntary EMG amplitude (e.g., by
hypertonic saline injection) has always been reported
to decrease, but without any peripheral muscle fiber
properties - implying central (neural) inhibition of
muscle activity [25, 29]. In addition, pain may change
the co-ordination of agonist and antagonist muscles:
in the case of dynamic movement in painful
conditions, the agonist muscles may become less
active, and antagonistic ones may become more
active, which may be a protective mechanism [25, 30].
These patterns of EMG activity can be used to sustain
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a pain adaptation model where motor control is
recognized under the influence of nociceptive input,
and both protective and compensatory mechanisms
are evident.

5.1.3. Physiological interpretation of GSR /
electrodermal activity (EDA) in relation to pain

Electrodermal activity (EDA) or, commonly
recorded through skin conductance (GSR) is a direct
indication regarding sympathetic nervous system
activity since the muscle of sweat glands is so
carefully regulated by sympathetic fibers. It has been
demonstrated that painful stimuli result in decisive
changes in the phasic element of EDA (i.e., skin
conductance responses, SCR), which is associated
with the severity of the stimulus [25, 31].

More recently, spectral or derivative analyses of
EDA have been proposed to better capture rapid
fluctuations linked to pain; these methods have
demonstrated high sensitivity in distinguishing
different pain levels [25, 32]. Therefore, in pain
contexts, EDA can reflect moment-to-moment
sympathetic arousal, making it a powerful
physiological marker of nociceptive processing.

5.2 Dataset

The way people feel pain is something that is
beyond measure in an objective way and can only be
judged subjectively and in many ways. At present,
this problem has not been properly solved. The
results you obtain from verbal methods like
traditional pain scales and questionnaires, as well
visual analogue scales (VAS), are widely used in
clinical settings. When applied to people with
cognitive impairments however they often lack
reliability and validity. Another avenue may be to
analyse the expressions of pain and examine
biopotential signals related to them. There are already
a few facial expression-based pain-coding systems in
use, but they are frequently time-consuming, too

costly, or not thoroughly assessed in light of
psychometric theory.
BioVid Heat Pain Database is specialized

database that combines physiological signals with
facial videoin order to improve automated pain
recognition. The database enhances the performance
regarding objective  pain-assessment  systems,
assesses their psychometric quality, and helps their
development. Participants were exposed to controlled
heat stimuli under standardized laboratory conditions,
enabling systematic collection of pain-related
responses [33-35].

BioVid Heat Pain Database is a key experimental
resource in automated pain recognition. Created
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through a joint project led by Ulm University,
Germany, it provides multimodal, standardized data
for training and evaluating machine-learning and Al
models to recognize human pain objectively and
reliably. It combines biopotential recordings with
high-resolution facial video, offering an ideal
environment for multidimensional pain analysis [33-
35].

Part A of BioVid Heat Pain Data-base includes
experiments of heat stimulation without recording
facial muscle signals. It contains frontal facial video
along with biomarkers ( ECG, trapezius EMG and
GSRY) in both raw and preprocessed forms. This part
comprises 8,700 samples collected from 87
participants, each of whom underwent five levels of
stimulation representing five different pain categories,
with 20 trials per category per participant, each with
a 5.5-second time window. This part was utilized in
many studies [39,40] to estimate pain intensity
depending on physiological signals.

In the presented work, Part A of the database has
been utilized only for biomarkers without video,
relying on three main signals: (ECG to measure
cardiac activity, trapezius EMG to measure muscle
activity, and GSR/EDA) as an indicator of pain-
related physiological arousal. This data has been
utilized for training and evaluating the proposed deep
learning model for automatic pain level recognition.

Here is a brief overview of each signal [7]:

1) The Electrocardiogram (ECG) is a test used
to examine heart problems and heart activity.
changes. It captures the heart's electrical
impulses. The ECG was the Empirical Mode
Decomposition technique and has been
filtered with the use of Butterworth band-
pass filter (0.1-250Hz).

2) Galvanic skin response (GSR) is a segment
regarding electrodermal activity (EDA) and
changes in sweat gland activity. GSR
changes in sweat activity are related to
emotional arousal and indicate the strength of
a particular emotion.

3) Electrical activity of the muscles is an arousal
and is a reflection of psychophysiological
general arousal of the body. Increased muscle
tone and the activity related to sympathetic
nervous system. Increased somatomotor
activity is suggestive of predominant
parasympathetic arousal. Dataset’s age
distribution is shown in Fig. 2.

The experimental procedure was Eighty-seven
healthy adults (18-65 years) underwent a controlled
protocol in which painful heat stimuli were delivered
to the medial forearm via a Thermode TSA-II device.
Four individualized pain intensities (T1-T4) were
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determined relative to each participant’s pain
threshold, plus a no-pain baseline (T0). This
personalized temperature assignment enhances
physiological-response  validity and ecological
realism [35].

5.2.1. Signal-modalities

The multimodal dataset integrates 32-channel
electroencephalography (EEG), facial and shoulder
electromyography  (EMG), electrocardiography
(ECG), electrical skin conductance (ESC, referred to
as the galvanic skin response/GSR), and temporally
aligned high-definition facial video optimized for
computer-vision analysis.

5.2.2. Psychometric utility

BioVid supports the development of automatic
pain-recognition systems and their evaluation against
psychometric ~ criteria  (validity,  reliability,
sensitivity). It is widely used for multisignal fusion
research, particularly with regard to non-verbal
populations (e.g., ICU or cognitively impaired
patients) [34, 35].

5.2.3. Availability

After its introduction at the 2013 IEEE
International Conference on Cybernetics, the
database was released to the research community and
remains a primary reference for pain-recognition
studies based on physiological and facial cues) [34,
35].

5.2.4. Data subset used in this study

Fig. 2 in the above page illustrates the ECG, GSR,
and EMG partitions employed here. The 87 retained
participants were roughly balanced across three age
brackets—18-35, 36-50, and 51-65 years—with 15
males and 15 females per bracket before technical
exclusions [17]. Fig. 3 depicts the experimental setup
with the thermode-induced pain stimulus [36], and
Fig. 4 presents exemplary ECG, GSR, and EMG
traces used for pain assessment [14].
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Figure. 2 Age Distribution in Dataset Used
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Figure. 3 Example of the measuring configuration with induced pain stimulus[36]
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Figure. 4 Example of Physiological Signals [14]: (a) ECG, (b) EMG, and (c) GSR

International Journal of Intelligent Engineering and Systems, Vol.19, No.4, 2026 DOI: 10.22266/ijies2026.0430.45

This article is licensed under a Creative Commons Attribution-ShareAlike 4.0 International License.
License details: https://creativecommons.org/licenses/by-sa/4.0/



Received: October 1, 2025. Revised: February 21, 2026.

5.3 Preprocessing

Preprocessing transforms raw physiological
signals into a format suitable for deep learning. Our
pipeline for the hybrid model comprises loading,
cleaning, normalising, downsampling, format
conversion, and augmentation. These steps yield
uniform, low-noise data that improve both accuracy
and generalisation [37, 38].

5.3.1. Class extraction

The pain label (e.g., BL1, PA1-PA4) is parsed
from each file name and mapped to an integer 0-4.

5.3.2. File aggregation

All CSV files are read from a dedicated folder and
grouped into five lists according to their numeric
label.

5.3.3. Augmentation

To enlarge the training set we apply:

» Additive Gaussian noise;

* Random scaling (multiplicative factors <
+10 %);

» Time shifting (circular left/right translation).

5.3.4. Missing-value detection

Any NaNs are identified and linearly interpolated
to prevent gradient errors and normalisation bias.

5.3.5. Normalisation

Each channel (ECG, EMG, GSR) is z-scored (n=
0, 6 = 1) to ensure uniform dynamic range and faster
convergence.

5.3.6. Formatting-split

Signals are reshaped into 2-D tensors (time steps
x channels). Labels are one-hot encoded. With regard
to training and validation, the proposed model was
trained using K-Fold Cross-Validation to ensure
reliable evaluation and minimize data splitting bias.
The data was divided into several folds, some utilized
for the training and others for validation. Within
every fold, the model was re-initiated and re-trained
from scratch to guarantee evaluation independence.
Subsequently, a final model was trained on the entire
training data-set before the final evaluation has been
carried out on the independent testing dataset.

Three experiments were conducted for each
model. Each experiment contained three signals
combined in different arrangements: (Experimentl
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[GSR,ECG,EMG],Experiment2:[ECG,GSR,EMG],
and Experiment3:[EMG,GSR,ECG].

5.3.7. Techniques for controlling overfitting and
underfitting

To mitigate overfitting and underfitting during
model training, we employed several techniques:
random dropout layers (Dropout and
SpatialDropout1D) to reduce the model's dependence
on specific units; batch normalization techniques to
enhance training stability; EarlyStopping to halt
training when the performance of the model on
validation set didn’t improve; and
ReduceLROnPlateau for dynamically adjusting the
rate of learning when the model's loss was constant.
Furthermore, improved data augmentation had led to
the enhancement of the model's generalization ability
and improved performance on the test data [3,5].

5.4 Architectures
5.4.1. Bidirectional long short-term memory (BiLSTM)

BiLSTM augments a standard LSTM with a
second layer that processes the sequence in reverse
order. Concatenating forward as well as backward
hidden states improves late-sequence information
retention and provides more context. In pain-
detection tasks, BiLSTMs automatically extract
temporal features from physiological streams,
reducing reliance on hand-crafted features and
boosting classification accuracy [39, 40].

In LSTM networks, out-of-date information is
gradually attenuated via forget gates, while memory
blocks are updated with both prior and current inputs.
Bidirectional LSTM (BiLSTM) extends LSTM by
learning the temporal dependencies in backward as
well as forward directions.

As shown in Fig.4, a BiLSTM layer receives the
input x; simultaneously into two LSTM paths.
Forward weights (Ws) and backward weights (W)
are updated according to the forget and input gate
activations, which depend on previous hidden state h;.
1, current input xi, and cell state ci1 [40]. Although
BIiLSTM networks have demonstrated strong
performance in pain detection, challenges remain in
generalising these models across diverse populations
and varying physiological conditions; additional
research is required to enhance their robustness and
clinical applicability.

The BILSTM can be defined an extension
regarding traditional LSTM model, enabling the
processing of data sequences in both directions:
forward and backward. This allows it to
simultaneously capture preceding and subsequent
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Figure. 5 Architecture of BiLSTM [41]

temporal relationships. This property is particularly
important in biosignal analysis, as it contributes to a
more accurate representation of temporal patterns
associated with pain. The mathematical formulation
of the BiLSTM network can be derived from the basic
LSTM equations, applied in both directions.

The operation of LSTM layers can be described
mathematically in the following way:

Ti = o(Wila(t=1),x(t)]+bi) 1)
I'f = o(Wila(t—1),x(t)]+bf) 2)
To =6 (Wola(t-1),x(t)]+bo) 3)
C~(t) = tanh(Wc[a(t—1),x(t)]+bc) 4)
C(t) = Ti. C~(t) + Tf. C(t-1) (5)
a(t) = T'o . tanh (C(1) (6)

where input gate G; controls input information that is
added to cell state.

The past information that will be retained in long-
term memory is determined by forget gate Gr. How
regulated information is made available as output is
determined by output gate [40]. An additionto LSTM
cells, BiLSTM has been demonstrated to enhance
performance in numerous applications. BiLSTM
processes sequential data in both reverse and forward
order by stacking two layers regarding LSTM cells.
The representation related to sequential data in
the architecture is created by concatenating the
hidden states regarding backward and forward layers.
It has been demonstrated that processing the data in
reverse order improves the ability of the model to
retain information close to the conclusion of
sequence [40, 42].

5.4.2. Convolutional neural network (CNN)

CNN architectures for pain recognition have
evolved rapidly, incorporating standard backbones,
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off-the-shelf pre-trained models, and lightweight
designs tailored for specific cohorts, including
neonates [41]. Every CNN contains multiple hidden
layers, input layer, and output layer. With regard to
feed-forward networks, the intermediate layers are
termed  “hidden”  because  their  internal
representations remain opaque until the final
convolution and activation. CNN’s hidden layers
consist of three core components:
» Convolutional layers
* Pooling layers
*  Fully connected (FC) layers
Collectively, these sub-structures
Convolutional Neural Network [42].
Convolution operations are carried out using
filters in convolution layer (CONV) [43]:

form a

zi=bi+XxicWij*xi 7

To add non-linearity following convolution, an
activation function like ReLU can be utilized[43]:

gi=RelLU(zi)=max(0,zi) (8)

Pooling Layer: In DL, pooling is a crucial
operation. The number of parameters, feature
dimension, temporal complexity, and computation
difficulty could all be decreased via pooling
operations [42, 43]:

Pi=max(zi:i+s)

Convolution

Polling

Fully
Connected

.

Figure. 6 Architecture of CNN [44]
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FC Layer: Every input is connected to each one
of the neurons in fully connected layer (FC), which
functions on flattened input [43]:

oj=c(Xwij.aiN—1i=0+bj) 9

5.4.3. Attention mechanism (AM)

In many remote sensing (RS) image processing,
computer vision applications, and signal processing
as physiological signals, ML, especially DL, has
emerged as a key as well as cutting-edge technique.
Through creating novel network architectures and/or
approaches, researchers are always attempting to
enhance the performance regarding DL systems. AMs
are among the most crucial regarding such processes.
In spite of its type, the AM was extensively employed
in  numerous applications for enhancing the
performance related tothe current DL techniques
since it was suggested [45]. The capacity of
DL models to recognize the most significant
components in data and give them higher weights
throughout processing—as opposed to treating all
input equally—is known as AM.

This concept has helped modern models
understand complex relationships within sequences
and improve the quality of representation and context,
making attention a fundamental component in many
advanced architectures such as Transformer. A
summary of the types of AMs follows [45].

1. Attention softness: 'Soft attention’ refers to AM,
also called deterministic attention, that was first
suggested through Bahdanau et al. [46]. The final
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context vector in the network is determined by taking
into account all input components, in which average
is computed at each one of the weights. Stochastic
attention also known as hard attention, however,
takes into account only the randomly sampled
constituent in determining the final context vector [45,
46]. Hence, it saves on computational time.
Furthermore, there is the idea regarding local
and global attentions in relation to the classification
that is typical in image processing as well as
computer vision tasks [45, 47]. Since global attention
takes into account all input components, it is most
similar to soft attention overall. Whereas local
attention represents a combination of hard
and soft attentions, global attention can be defined
as a simplification regarding soft attention because it
utilizes the output from current time step instead of
the prior time step. This strategy alleviates the
problem of hard attention being non-differentiable,
while at the same time being less heavy on the
resources. Hence, also it is more efficient than the
remainder on computational resources as it looks at a
limited subset of input elements at a time.

2. Forms of input features: AMs could be
categorized both location-wise and item-
wise according to their input needs. Types of input
features: location-wise and item-wise attention
methods could be categorized according to their input
needs. Inputs that are either explicitly known to the
model or generated through a pre-process are
necessary for item-wise attention. Nevertheless,
location-wise attention does not always necessitate
that the model handle input items which are hard to
discern [45, 48-50].

soft’hard
The Softness of Attention <
global/local

item-wise

Forms of Input Feature <
/,, locations-wise

distinctive
self-attention
Input Representations

co-attention

hierarchical

single-output
Output Representations multi-head

miilti-dimensiona

Figure. 7 An overview of typical AM approaches [45]
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3. Input Representations: On the one hand, there
exist single-input models, and on the other hand,
there exist multi-input models, as with the attention
networks described in the references, [45, 51]. During
the development stages of the models, there were
some variations in how the models processed the
inputs. Single-input attentional networks, which
currently dominate the attention networks, process
their inputs in a sequence of independent steps, i.e.,
in a distinctive fashion. Co-attention model, at the
same time, is multi-input attention network that
applies the AM in parallel to two distinct inputs
before combining the outcomes. Self-attention
networks generate their attention maps solely from
the model inputs. This mechanism is advantageous
for models operating on background complex images
/ complex signals, as the model can direct its attention
towards the areas corresponding to the complex
background. [52]. The Hierarchical AM assigns
weights to the inputs on different levels, including the
raw input. This mechanism, also referred to as fine-
grained attention, can improve the performance of
image classification systems [45].

4- Output representations: The most common type
regarding attention output representation in AMs is
single-output attention, which generates weight
scores by processing one featureat a time.
Additionally, there are various types of multi-head as
well as multidimensional attention [45]. Multi-head
attention processes the inputs in linear fashion in
several smaller groups and, at the end, merges the
attention to form the final attention weights and is
particularly beneficial in the case when using AM
together with CNN approaches [45, 52, 53], which
type was employed in this study. Multidimensional
attention, mostly used in NLP, calculates weights
using a matrix representation of the features rather
than a vector-based representation [45, 54, 55].

In our research, we used a multi-headed AM
(MHAT), and the following paragraphs outline how
this type of AM works.

As observed in the presented study, such type is
distinguished by its excellent capability to
concentrate on the most significant features
emerging from BiLSTM network. Although MHAT
mechanism relies heavily on attention, this model
differs essentially in the fact that it is capable of
handling complicated information through several
distributed computations [56].

There are four
compute attention [56]:

e Similarity is taken into account while

calculating each key as well as query weight.

steps to
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For calculating similarity, the suggested
model is utilized as dot product.

e The operation of scaling is the following
step for calculating attention, in which
factor,/d, is utilized as moderator so that
the dot-product isn’t too big.

e Resulting weights are normalized using
Softmax method.

e The corresponding principal value V
and similarity add up to weighted sum.

Using previously described procedures, the

next formula has been obtained:
. _ okT
Attention(Q, K,V) = softmax(—dk)

N

Conventional AM was improved with MHAT,
which performs exceptionally well. MHAT
mechanism's architecture is depicted in Fig. 8. K,
Q,and V are first transformed linearly to become
scaled dot-product attention's input. As a result,
the process computes one head at a time. As a result,
h, or multi-head, must be performed. Every linear
transformation regarding K, Q, and V has a separate
set of parameters, W. The value generated by linear
transformation is used as MHAT output after the
concatenation of every scaled dot-product attention
output of m time [56, 57]. The following is an
expression for the formula:

(10)

headi = attention (QW 2, KW X, vw Q) (11)

Multi-head(Q, K,V) = concat(headi,..., headm)W°
(12)

5.4.4. Proposed model architecture

CNNs are traditionally used for image
classification; however, by integrating a hybrid block
of BILSTM + Multi-Head Attention + 1-D CNN, we

Linear

-
P
[ Scaled Dot-Product Attention 1&
m
| Linear I ] | Linear II l | Lincar I I ]

I ! 1

Q K v
Figure. 8 MHAT Mechanism Architecture [56]
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constructed a novel architecture specifically tailored
for multi-channel physiological pain recognition [44].
Overal-IPipeline

Raw ECG, .EMG and GSR streams are early-
fused into a single 3-channel tensor (time-steps x
channels). This tensor is then processed sequentially

by:

5.4.4.1. BiLSTM-encoder

A Dbidirectional LSTM layer of 128 units—
returning  full  sequences—feeds a  second
bidirectional LSTM of 64 units to capture temporal
dependencies spanning several seconds of data, while
dropout of 0.3 applied after each layer mitigates
overfitting.

5.4.4.2. Multi-head-attention

Eight attention heads re-weight the BIiLSTM
outputs, letting the model focus on the most pain-
relevant temporal segments while preserving
diversity across heads.

5.4.4.3. 1-D CNN feature extractor

* 64 filters, kernel size 3, ReLU activation,
same padding

» Captures local cross-channel interactions
revealed by the attention weights.

» Batch Normalization stabilises training;
MaxPoolinglD (pool_size=2) halves the
sequence length and retains salient features.

5.4.4.4. Global-average-pooling

» Compresses the feature map into a fixed-
length  vector, drastically  reducing
parameters compared with flattening.

5.4.45. Classification-head

* Dense 128, ReL.U, Dropout 0.3
» Dense(hum_classes), Softmax vyields five-
level pain probability.

5.4.4.6. Design rationale

The architecture combines a BILSTM that
encodes slow physiological modulations to provide
long range context with an AM that emphasises
moment to moment discriminative epochs and a CNN
that distils fine grained shared patterns across
modalities while early fusion forces the network to
learn synergistic ECG EMG GSR relationships that
mimic the human body’s integrated pain response as
illustrated in Fig.7.
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While the overall structure combines BIiLSTM,
Attention, and 1D-CNN layers, the novelty regarding the
presented study lies not in the individual components but
in the way they are integrated. The following subsection
highlights the methodological innovation introduced in
this study.

5.4.5. Proposed methodological innovation

Strategically positioned between BiLSTM and
1D-CNN modules. Unlike conventional pain
recognition architectures that either apply attention
after convolutional layers or use static attention
weights, the proposed design enables the AM to act
as an information filter—selectively amplifying
physiologically relevant temporal features before
spatial feature extraction occurs. The BIiLSTM
component in this architecture initially captures the
bidirectional temporal dependencies, encoding the
involving dynamic of pain-related physiological
variables. These temporal embeddings are then
analyzed by the adaptive attention layer to determine
the most informative parts that reflect meaningful
physiological variations like sudden amplitude
changes or oscillatory variations that are associated
with pain events. The model is trained through a
dynamic weighting method to attach importance to
important signal intervals and constrain redundant or
noisy data. Such refined attention-weighted features
are then fed into the 1D-CNN layer, which does
localized convolution, to obtain high-level
discriminative patterns, depending on the attention-
based temporal focus.

This mechanism ensures that the CNN receives
only the most relevant temporal information,
enhancing both interpretability and accuracy.

By embedding the AM between temporal and
spatial encoding stages, the proposed framework
introduces a novel interaction between sequence
modelling and spatial abstraction, resulting in a
model that is not only empirically superior but also
conceptually distinct from existing pain recognition
architectures. Tabel 2. shows the sequential of hybrid
(BiLSTM+MHAT+CNN) model with all parameters.

5.5 Evaluation metrics

With the use of common bio-classification
benchmarks, suggested BiLSTM—-CNN hybrid model
has been assessed on BioVid Heat Pain Database
(ECG,EMG and GSR): Accuracy can be defined as
percentage of samples that have been correctly
classified;  precision is defined as the
reliability related to positive predictions; sensitivity
or recall is defined as the capacity for identifying all
the true positive cases; and specificity is defined as
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the capacity for preventing false positives, which is
essential for differentiating between pain and no pain.
The  confusion matrix  reveals  patterns
regarding interclass misclassification, while F1 score
offers harmonic mean of recall and precision which is
robust to class imbalance. As shown in Table 3,
tenfold  cross  validation  guarantees  the
generalizability and stability of results, whereas ROC
AUC measures discriminating performance across
probability thresholds, particularly for binary pain
versus no pain tasks.

6. Results and discussion
6.1 CNN model

This section presents experimental results of
applying a 1-D convolutional neural network (1D-
CNN) model to three physiological signals (ECG,
EMG and GSR) using BioVid heat pain data-base
(Part A). To analyze the effect of the order of
multimodal signals on early integration, three
experiments were designed with different signal
arrangements, keeping the model structure and
training settings constant in all cases. The model
relied on stacked Conv1D layers to extract temporal
features, followed by clustering layers and full-
connections to classify pain levels. The results
showed that the order of the physiological signals
significantly affects classification performance,
highlighting the importance of carefully selecting an
early integration strategy in multimodal pain
recognition systems.
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Table 3. Classification performance measures[58]

Measure Formula
Accuracy Accuracy = ——
- TP+ TN + FP + FN
Precision -
Precision =
TP + FP
Recall Recall = ——
TP + FN
F1 score ist
Precision x Recall
A T —————
Flscore = 2 x o el

Table 2. illustrates the sequential of hybrid (BiLSTM+MHAT+CNN) model with all parameters

Type of Layer

Output Shape

No. Parameter

input_layer (InputLayer) (None, 400, 5) 0
Bidirectional (Bidirectional) (None, 400, 256) 137,216
Dropoutl (Dropout) (None, 400, 256) 0
Bidirectional (Bidirectional) (None, 400, 128) 164,352
Dropout2 (Dropout) (None, 400, 128) 0
multi_head attention(MultiHeadAttention) (None, 400, 128) 66,048
add(Add) (None, 400, 128) 0
layer_normalization(LayerNormalization) (None, 400, 128) 256
convld (ConvlD) (None, 400, 64) 24,640
max_pooling1ld (MaxPooling1D) (None, 200, 64) 0
batch_normalization (BatchNormalization) (None, 200, 64) 256
Dropout3(Dropout) (None, 200, 64) 0
flatten(Flatten) (None, 12800) 0
Dense (Dense) (None, 128) 1,638,528
Dropout4(Dropout) (None, 128) 0
Dense (Dense) (None, 5) 645
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Table 4 (A). Fold-wise Classification Performance of the
CNN Model Using 5-Fold Cross-Validation

Experience 1 (GSR-ECG-EMG)
Fold Levels of Precision | Recall F1
No. Pain Score
BL1 0.9395 0.9408 | 0.9402
PA1l 0.9418 0.9349 | 0.9383
PA2 0.9462 0.9362 | 0.9412
1 PA3 0.9516 0.9454 | 0.9485
PA4 0.9360 0.9573 | 0.9465
Accuracy - - 0.9430
Macro Avg 0.9430 0.9429 | 0.9429
Weight Avg 0.9430 0.9430 | 0.9430
BL1 0.9426 0.9527 | 0.9476
PA1l 0.9604 0.9519 | 0.9561
PA2 0.9535 0.9410 | 0.9472
2 PA3 0.9581 0.9440 | 0.9510
PA4 0.9414 0.9660 | 0.9535
Accuracy - - 0.9511
Macro Avg 0.9512 0.9511 | 0.9511
Weight Avg 0.9513 0.9511 | 0.9511
BL1 .9469 0.9524 | 0.9496
PA1 0.9552 0.9377 | 0.9464
PA2 0.9358 0.9379 | 0.9368
3 PA3 0.9480 0.9249 | 0.9363
PA4 0.9375 0.9698 | 0.9534
Accuracy - - 0.9445
Macro Avg 0.9447 0.9445 | 0.9445
Weight Avg 0.9446 0.9445 | 0.9445
BL1 0.9228 0.9433
0.9329
PA1 0.9359 0.9353 0.9356
4 PA2 0.9501 0.9206 0.9351
PA3 0.9442 0.9442 | 0.9442
PA4 0.9447 0.9537 0.9492
Accuracy - - 0.9394
Macro Avg 0.9395 0.9394 0.9394
Weight Avg 0.9395 0.9394 0.9394
BL1 0.9153 0.9408 0.9279
PA1 0.9323 0.9153 0.9238
PA2 0.9438 0.9189 0.9312
5 PA3 0.9401 0.9246 0.9323
PA4 0.9157 0.9460 0.9306
Accuracy - - 0.9292
Macro Avg 0.9295 0.9291 0.9291
Weight Avg 0.9295 0.9292 0.9292
BL1 9332 0.9460 0.9396
PA1 0.9453 0.9352 0.9402
PA2 0.9458 0.9309 0.9383
All PA3 0.9483 | 0.9365 | 0.9424
Fold PA4 0.9350 | 0.9586 | 0.9467
Accuracy - - 0.9414
Macro Avg 0.9415 0.9414 0.9414
Weight Avg 0.9415 0.9414 0.9414
Experience 2 (ECG-GSR-EMG)
Fold Levels of Precision | Recall F1
No. Pain Score
BL1 0.9517 0.9408 | 0.9462

799
PAl 0.9466 | 0.9452 | 0.9459
PA2 0.9479 | 0.9439 | 0.9459
1 PA3 0.9444 | 0.9389 | 0.9416
PA4 0.9374 | 0.9587 | 0.9479
Accuracy - - 0.9455
Macro Avg 0.9456 | 0.9455 | 0.9455
Weight Avg 0.9456 | 0.9455 | 0.9455
BL1 0.9335 | 0.9549 | 0.9441
PAl 0.9540 | 0.9409 | 0.9474
PA2 0.9501 | 0.9425 | 0.9463
2 PA3 0.9529 | 0.9410 | 0.9469
PA4 0.9470 | 0.9580 | 0.9525
Accuracy - - 0.9474
Macro Avg 0.9475 | 0.9474 | 0.9474
Weight Avg 0.9475 | 0.9474 | 0.9474
BL1 0.9456 | 0.9546 | 0.9501
PAl 0.9445 | 0.9362 | 0.9404
PA2 0.9435 | 0.9408 | 0.9422
3 PA3 0.9416 | 0.9194 | 0.9304
PA4 0.9466 | 0.9712 | 0.9587
Accuracy - - 0.9444
Macro Avg 0.9444 0.9444 | 0.9443
Weight Avg 0.9444 | 0.9444 | 0.9443
BL1 0.9257 | 0.9296 | 0.9277
PAl 0.9387 | 0.9268 | 0.9327
PA2 0.9261 | 0.9315 | 0.9288
4 PA3 0.9429 | 0.9328 | 0.9378
PA4 0.9327 | 0.9457 | 0.9391
Accuracy - - 0.9332
Macro Avg 0.9332 0.9333 | 0.9332
Weight Avg 0.9332 | 0.9332 | 0.9332
BL1 0.9302 | 0.9501 | 0.9400
PAl 0.9472 | 0.9299 | 0.9385
PA2 0.9394 | 0.9374 | 0.9384
5 PA3 0.9440 | 0.9325 | 0.9382
PA4 0.9416 | 0.9518 | 0.9467
Accuracy - - 0.9404
Macro Avg 0.9405 0.9403 | 0.9404
Weight Avg 0.9404 | 0.9404 | 0.9404
BL1 0.9372 | 0.9460 | 0.9416
PAl 0.9462 | 0.9358 | 0.9410
PA2 0.9414 | 0.9392 | 0.9403
All PA3 0.9451 | 0.9328 | 0.9389
Fold PA4 0.9411 | 0.9572 | 0.9491
Accuracy - - 0.9422
Macro Avg 0.9422 0.9422 | 0.9422
Weight Avg 0.9422 | 0.9422 | 0.9422
Experience3 (EMG-GSR-ECG)

Fold Levels of Precision | Recall F1
No. Pain Score
BL1 0.9374 | 0.9394 | 0.9384
PAl 0.9430 | 0.9312 | 0.9371
PA2 0.9439 | 0.9552 | 0.9495
1 PA3 0.9440 | 0.9454 | 0.9447
PA4 0.9557 | 0.9523 | 0.9540
Accuracy - - 0.9448
Macro Avg 0.9448 | 0.9447 | 0.9447
Weight Avg 0.9448 | 0.9448 | 0.9448
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BL1 0.9516 | 0.9441 | 0.9479
PAl 0.9415 | 0.9409 | 0.9412
PA2 0.9453 | 0.9308 | 0.9380
2 PA3 0.9397 | 0.9425 | 0.9411
PA4 0.9383 | 0.9580 | 0.9480
Accuracy - - 0.9432
Macro Avg 0.9433 | 0.9433 | 0.9432
Weight Avg | 0.9433 | 0.9432 | 0.9432
BL1 0.9446 | 0.9488 | 0.9467
PAl 0.9432 | 0.9501 | 0.9467
PA2 0.9437 | 0.9313 | 0.9375
3 PA3 0.9458 | 0.9333 | 0.9395
PA4 0.9481 | 0.9621 | 0.9550
Accuracy - - 0.9451
Macro Avg 0.9451 0.9451 | 0.9451
Weight Avg 0.9451 0.9451 | 0.9451
BL1 0.9283 | 0.9476 | 0.9378
PAl 0.9379 | 0.9254 | 0.9316
PA2 0.9391 | 0.9228 | 0.9309
4 PA3 0.9470 | 0.9335 | 0.9402
PA4 0.9319 | 0.9552 | 0.9434
Accuracy - - 0.9368
Macro Avg 0.9368 | 0.9369 | 0.9368
Weight Avg | 0.9369 | 0.9368 | 0.9368
BL1 0.9198 | 0.9494 0.9344
PAl 0.9404 | 0.9219 0.9311
PA2 0.9450 | 0.9296 0.9373
5 PA3 0.9423 | 0.9261 0.9341
PA4 0.9365 | 0.9561 | 0.9462
Accuracy - - 0.9366
Macro Avg 0.9368 | 0.9366 0.9366
Weight Avg | 0.9368 | 0.9366 0.9366
BL1 0.9361 | 0.9458 0.9410
PAl 0.9412 | 0.9339 0.9375
PA2 0.9434 | 0.9341 0.9387
All PA3 0.9438 | 0.9361 0.9399
Fold PA4 0.9421 | 0.9568 | 0.9494
Accuracy - - 0.9413
Macro Avg 0.9413 0.9413 | 0.9413
Weight Avg 0.9413 0.9413 | 0.9413

Table 4 presents the detailed results of all
experiments using 5-fold cross-validation, divided
into three main sections. Table 4(A) shows the
classification performance of each individual fold,
including accuracy, fine-tuning, recall, and F1
metrics, allowing for analysis of model performance
variability across different folds. Table 4(B) focuses
on the model's computational efficiency and training
and validation performance, including indicators
related to training time and learning stability.

The final pooled results, obtained through five-
fold cross-validation Table 5. , show that the
sequential 1D-CNN model performed consistently
and highly across all three physiological signal
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Table 4 (B). Computational Efficiency and Training—
Validation Performance of the CNN Model
Experience 1 (GSR,ECG,EMG)

Fold | Train | Valid. | Train | Valid. | Train
No. Acc. Acc. loss Loss Time
(Sec.)

1 0.9233 | 0.9430 | 0.1995 | 0.1898 | 247.12
2 0.9385 | 0.9511 | 0.1651 | 0.1680 | 243.67
3 0.9353 | 0.9445 | 0.1677 | 0.1224 | 244 ¢

4 0.9272 | 0.9394 | 0.1868 | 0.1872 | 242.90 .
5 0.9213 | 0.9292 | 0.2091 | 0.2412 | 244.94
Total Execution Time for Experience 1225.78 Sec

Experience 2 (ECG-GSR-EMG)
1 0.9327 | 0.9455 | 0.1766 | 0.1798

2 0.9286 | 0.9474 | 0.1913 | 0.1616

3 0.9370 | 0.9444 | 0.1689 | 0.1884 | 256.32
4 0.9366 | 0.9332 | 0.1741 | 0.2126 | 252.34
5

T

256.89
255.42

0.9289 | 0.9404 | 0.1838 | 0.1838 | 252.66
otal Execution Time for Experience 1276.74 Sec
Experience 3 (EMG-GSR-ECG)
0.9397 | 0.9448 | 0.1625 | 0.1864
0.9260 | 0.9432 | 0.1960 | 0.1855
0.9303 | 0.9451 | 0.1802 | 0.1884
0.9305 | 0.9368 | 0.1839 | 0.1839 | 242.32
5 0.9356 | 0.9366 | 0.1711 | 0.2107 | 242.03
Total Execution Time for Experience 1220.70 Sec.

248.29
242.21
242.71

AW IN|F-

arrangements. Accuracy, recall, and F1 values ranged
between 0.9402 and 0.9422, with low standard
deviations (SD < 0.0081), which had reflected strong
statistical stability and good generalizability.
Furthermore, the clear overlap of the 95% confidence
intervals between trials indicates that the observed
differences in performance are subtle but systematic,
primarily due to the effect of the multimodal signal
arrangement during early integration, rather than
random variation in the training process.

In terms of comparative performance, the first
trials achieved the highest accuracy and F1 values
(0.9422), along with high Matthews correlation
coefficients (MCC =~ 0.9277), demonstrating an
excellent balance between sensitivity and specificity
and enhancing the model's reliability even in cases of
class imbalance. Furthermore, all trials exhibited very
high AUC values (= 0.9951) with extremely small
standard deviations, confirming the model's high
discriminatory power in separating different pain
levels regardless of signal order.

As for computational efficiency, all three trials
achieved relatively similar training times (= 1220—
1276 seconds), with no undue computational burden
associated with any particular signal order. This
temporal convergence indicates that differences in
classification performance are not due to differences
in training time, but rather to how physiological
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Table 5. Final Comparative Results of CNN and Hybrid (BiLSTM-MHAT-CNN) Models Using 5-Fold Cross-Validation
(Mean + SD and 95% Confidence Interval)

Model CNN Model Hybrid (BiLSTM_MHAT CNN) Model
Experience No. 1 2 3 1 2 3

Acc_mean 0.9414 | 0.9422 | 0.9413 0.805 0.800 0.789
Acc _sd 0.0081 | 0.0057 | 0.0043 0.009 0.006 0.023
Acc_ci_low 0.9314 | 0.9352 | 0.936 0.793 0.792 0.761
Acc_ci_high 0.9515 | 0.9492 | 0.9466 0.816 0.808 0.818
F1 mean 0.9414 | 0.9422 | 0.9413 0.804 0.800 0.789
F1 sd 0.0081 | 0.0056 | 0.0043 0.010 0.006 0.024
F1 ci_low 0.9314 | 0.9352 | 0.936 0.793 0.792 0.760
F1 ci_high 0.9514 | 0.9492 | 0.9466 0.816 0.808 0.818
Precision mean | 0.9416 | 0.9422 | 0.9414 0.805 0.801 0.790
Precision_sd 0.0081 | 0.0057 | 0.0042 0.009 0.006 0.023
Precision_ci low | 0.9314 | 0.9257 | 0.9198 0.794 0.793 0.762
Precision _ci_high | 0.9514 | 0.9540 | 0.9557 0.817 0.809 0.818
Recall_mean 0.9414 | 0.9422 | 0.9413 0.805 0.800 0.789
Recall sd 0.0081 | 0.0057 | 0.0043 0.009 0.006 0.023
Recall ci low | 0.9314 | 0.9352 | 0.936 0.793 0.792 0.761
Recall ci_high | 0.9515 | 0.9492 | 0.9466 0.816 0.808 0.818
Mcc_mean 0.9268 | 0.9277 | 0.9267 0.756 0.750 0.737
Mecc sd 0.0101 | 0.0071 | 0.0053 0.012 0.008 0.029
Mcc_ci_low 0.9143 | 0.919 | 0.9201 0.742 0.740 0.701
Mcc_ci_high 0.9393 | 0.9365 | 0.9333 0.771 0.760 0.773
Auc_mean 0.9951 | 0.9956 | 0.9952 0.953 0.952 0.948
Auc sd 0.0013 | 0.0007 | 0.0007 0.005 0.002 0.009
Auc_ci_low 0.9935 | 0.9948 | 0.9943 0.947 0.949 0.937
Auc_ci_high 0.9967 | 0.9964 | 0.9961 0.958 0.955 0.959

signals are organized within the model. This
highlights the significance of the selection of optimal
signal sequence for achieving the optimal level of
balance between high performance and time
efficiency, a crucial factor in the practical
applications of automated pain recognition systems.

Overall, these results confirm that the design of
the early integration strategy and the sequence of
physiological signals are pivotal elements in
multimodal deep learning models, where even a small
improvement in signal sequence can lead to
significant gains in performance and stability without
increasing computational costs.

Fig. 10 show The final confusion matrix for each
trial is presented to illustrate the model's performance
in the differentiation between different categories,
with the values reflecting the number of correct and
incorrect predictions for every category. The final
classification report is also presented as a bar graph
that shows metrics of precision, recall, and F1-score
for each category by Fig. 11 This visual
representation allows for easy comparison of the
model's performance across all of the categories. The
three trials are ranked by performance: Trial 1, 2, ,
and 3, demonstrating the evolution of performance
between the different trials and providing a basis for
determining the optimal model setup.

International Journal of Intelligent Engineering and Systems, Vol.19, No.4, 2026

To ensure the fairness of the comparison, the
hybrid model was applied to the same experiments,
training settings, and cross-validation strategy
previously used, allowing for a direct assessment of
the hybrid architecture's impact on final performance.

The CNN model is adopted as the baseline in this
study; therefore, the proposed hybrid BiLSTM-
Multi-Head Attention—-CNN model is primarily
compared against the CNN architecture to emphasize
the performance gains achieved by incorporating
temporal modeling and attention mechanisms.

As a baseline comparison, Table 5 presents a
comprehensive statistical evaluation of the suggested
BiLSTM-Multi-Head Attention—CNN hybrid model
using five-fold cross-validation. The table reports the
mean performance, standard deviation, and 95%
confidence intervals for multiple evaluation metrics,
including accuracy (Acc), recall, MCC, F1-score,
precision, and area under the ROC curve (AUC),
across all experiments. This comparison with the
baseline configuration enables a robust and reliable
assessment of the model’s stability, discriminative
capability, and generalization performance under
different experimental conditions and signal-ordering
strategies.
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Figure. 10 Final Confusion Matrix for All Experiments for CNN Model: (a) Final Confusion Matrix for Experience 1,

(b) Final Confusion Matrix for Experience 2, and (c) Final Confusion Matrix for Experience 3
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Table 6 (A). Fold-wise Classification Performance of the Weight
Hybrid (BiLSTM_MHAT_CNN) Model Using 5-Fold Av% 0.805 | 0805 | 0804
Cross-Validation
Experience 1 (GSR-ECG-EMG) Experience2 (ECG-GSR-EMG)
Fl\?cln(.j Lel\alg:z of | Precision | Recall | F1 Score Fl\?cl).d Le;z:z of Precision | Recall | F1 Score
BL1 0.78 0.86 0.82 BL1 0.76 0.85 0.80
PAl 0.81 0.79 0.80 PAl 0.82 0.77 0.80
PA2 0.79 0.78 0.78 PA2 0.80 0.78 0.79
PA3 0.83 0.77 0.80 PA3 0.83 0.78 0.80
1 PA4 0.85 0.85 0.85 1 PA4 0.84 0.87 0.85
Accuracy - - 0.81 Accuracy - - 0.81
Macro Avg 0.81 0.81 0.81 Macro Avg 0.81 0.81 0.81
Weight Weight
Avg 0.81 0.81 0.81 Avg 0.81 0.81 0.81
BL1 0.75 0.83 0.79 BL1 0.76 0.84 0.80
PAl 0.80 0.77 0.78 PAl 0.81 0.78 0.79
PA2 0.79 0.75 0.77 PA2 0.79 0.76 0.78
PA3 0.80 0.77 0.79 PA3 0.81 0.78 0.79
2 PA4 0.82 0.84 0.83 2 PA4 0.84 0.84 0.84
Accuracy - - 0.79 Accuracy - - 0.80
Macro Avg 0.79 0.79 0.79 Macro Avg 0.80 0.80 0.80
Weight Weight
Avg 0.79 0.79 0.79 Avg 0.80 0.80 0.80
BL1 0.77 0.85 0.81 BL1 0.79 0.83 0.81
PAl 0.79 0.77 0.78 PAl 0.80 0.77 0.79
PA2 0.79 0.76 0.77 PA2 0.81 0.78 0.79
PA3 0.82 0.76 0.79 PA3 0.81 0.77 0.79
3 PA4 0.83 0.86 0.85 3 PA4 0.81 0.86 0.84
Accuracy - - 0.80 Accuracy - - 0.80
Macro Avg 0.80 0.80 0.80 Macro Avg 0.80 0.80 0.80
Weight Weight
Avg 0.80 0.80 0.80 Avg 0.80 0.80 0.80
BL1 0.78 0.83 0.81 BL1 0.75 0.83 0.79
PA1 0.80 0.80 0.80 PAl 0.77 0.78 0.78
PA2 0.82 0.77 0.79 PA2 0.80 0.74 0.77
PA3 0.83 0.78 0.81 PA3 0.82 0.75 0.78
4 PA4 0.81 0.86 0.83 4 PA4 0.82 0.86 0.84
Accuracy - - 0.81 Accuracy - - 0.79
Macro Avg 0.81 0.81 0.81 Macro Avg 0.79 0.79 0.79
Weight Weight
Avg 0.81 0.81 0.81 Avg 0.79 0.79 0.79
BL1 0.81 0.83 0.82 BL1 0.76 0.82 0.79
PA1 0.79 0.79 0.79 PAl 0.79 0.77 0.78
PA2 0.81 0.78 0.80 PA2 0.80 0.76 0.78
PA3 0.82 0.80 0.81 PA3 0.81 0.78 0.79
5 PA4 0.84 0.86 0.85 5 PA4 0.82 0.85 0.84
Accuracy - - 0.81 Accuracy - - 0.80
Macro Avg 0.81 0.81 0.81 Macro Avg 0.80 0.80 0.80
Weight Weight
Avg 0.81 0.81 0.81 Avg 0.80 0.80 0.80
BL1 0.779 0.841 0.809 BL1 0.763 0.834 0.797
PAl 0.779 0.783 0.791 PAl 0.799 0.774 0.786
Al PA2 0.779 0.769 0.783 Al PA2 0.800 0.764 0.782
Fold PA3 0.819 0.777 0.797 Fold PA3 0.814 0.772 0.792
PA4 0.830 0.853 0.842 PA4 0.827 0.856 0.841
Accuracy - - 0.805 Accuracy - - 0.800
Macro Avg 0.805 0.805 0.804 Macro Avg 0.801 0.800 0.800
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Welght | ogo1 | 0.800 | 0800 Weight | 5790 | 0789 | 0789
vg Avg
Experience3 (EMG-GSR-ECG)
Fold | Levels of L Table 6 (B). Computational Efficiency and Training
No. Pain Precision | Recall | F1 Score Validation Performance of the Hybrid
BL1 0.79 0.86 0.82 (BiLSTM_MHAT CNN) Model
PA1 0.78 0.79 0.78 Experience 1 (GSR,ECG,EMG)
PA2 0.81 0.77 0.79 Fold | Train | Valid. | Train | Valid. | Train
PA3 0.82 0.76 0.79 No. Acc. Acc. loss Loss Time
1 PA4 0.83 0.84 0.83 (Sec.)
Accuracy : - 0.80 1 ]0.8073 | 0.8107 | 0.4847 | 0.6289 | 4725
Macro Avg 0.80 0.80 0.80 2 0.8110 | 0.7918 | 0.4782 | 0.7204 | 4203.5
Weight 0.80 0.60 0.60 3 [ 0.7948 [ 0.7990 | 0.5024 | 0.6784 | 4680.2
Avg : : : 4 0.8110 | 0.8051 | 0.4724 | 0.6484 | 4616.1
BL1 0.74 0.79 0.76 5 0.8166 | 0.8116 | 0.4610 | 0.6413 | 4700.0
PA1 0.74 0.72 0.73 Total Execution Time for Experience Sec
PA2 0.75 0.70 0.72 Experience 2 (ECG-GSR-EMG)
PA3 0.78 0.69 0.74 1 0.8149 | 0.8083 | 0.4704 | 0.6511 | 4738.4
2 PA4 0.74 0.84 0.78 2 0.8134 | 0.8044 | 0.4707 | 0.6392 | 4269.4
Accuracy - - 0.75 3 0.8202 | 0.8076 | 0.4648 | 0.6505 | 4733.6
Macro Avg 0.75 0.75 0.75 4 0.7715 | 0.7937 | 0.5533 | 0.6838 | 4729.4
Weight 075 0.75 0.75 5 0.7987 | 0.7985 | 0.5140 | 0.6599 | 4264.7
Avg ' ' ' Total Execution Time for Experience 22737.98 Sec
BL1 0.78 0.83 0.81 Experience 3 (EMG-GSR-ECQG)
PAl 0.80 0.78 0.79 1 0.8099 | 0.8147 | 0.4826 | 0.6037 | 4499.7
PA2 0.79 0.76 0.77 2 0.7226 | 0.7482 | 0.7096 | 0.7411 | 4623.1
PA3 0.81 0.77 0.79 3 0.8133 | 0.8013 | 0.4705 | 0.6941 | 4657.6
3 PA4 0.83 0.86 0.85 4 0.8100 | 0.7971 | 0.4837 | 0.7049 | 4651.9
Accuracy - - 0.80 5 0.8016 | 0.8007 | 0.5064 | 0.6722 | 4728.2
Macro Avg 0.80 0.80 0.80 Total Execution Time for Experience 23163.09 Sec.
Weight 0.80 080 | 0.80
Avg
BL1 0.75 0.84 0.79 6.2 Hybrid (BILSTM_MHAT_CNN) model
PAl 0.80 0.76 0.78
PA2 0.80 0.77 0.78 This section presents results of the proposed
PA3 0.81 0.78 0.79 BiLSTM-Multi-Head Attention—CNN hybrid model
4 PA4 0.83 0.83 0.83 in classifying pain levels based on multimodal
Accuracy - - 0.79 physiological signals. This model combines
Macro Avg 0.80 0.79 0.79 BiLSTM's ability to model long-term time
Weight 0.80 0.79 0.79 dependencies, the Multi-Head Attention mechanism
Avg to enhance the representation of the most time-
BL1 0.77 0.81 0.79 sensitive features, and CNN layers to extract distinct
PA1 0.79 0.77 0.78 . . .
spatial features. The results showed that integrating
PA2 0.80 0.77 0.79 . . .
PA3 0.80 0.79 0.80 these components into a single ar(_:hltecture _Ie_ads_ to
5 PAL 0.82 0.86 0.84 more stable improvement in classification
Accuracy B a 0.80 performance compared t(-)-lndlwdual m_odels and
Macro Avg 0.80 0.80 0.80 enhances the model's ability to generalize across
Weight different signal arrangements.
Avg 0.80 0.80 0.80 Fig. 12 illustrates the final confusion matrix of the
BL1 0.765 0.825 0.794 proposed hybrid model, demonstrating its ability to
PAl 0.783 0.764 0.773 differentiate between various categories based on the
All PA2 0.789 0.753 0.771 number of correct and incorrect pr_edictions fo_r eqch
Fold PA3 0.803 0.759 0.781 category. Fig. 13 presents the final classification
PA4 0.809 0.846 0.827 report as a bar chart of ACC, recall, and F1 scores for
Accuracy - - 0.789 each category, facilitating visual comparison of the
Macro Avg | 0.790 0.789 0.789 model's performance across all categories.
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Experiments 1, 2, and 3 are ranked according to
signals , highlighting incremental improvement and
identifying the optimal model setup , which will be
explained in comparative analysis section.

6.3 Comparative analysis

The performance of the CNN model as a baseline
was compared with the proposed BiLSTM-Attention-
CNN hybrid model using the same dataset and
experimental settings to ensure a fair comparison.
The experiments included three different signal set
settings: EXP1 containing [GSR', 'ECG',
'EMG_trapezius'], EXP2 containing [[ECG', 'GSR',
'EMG_trapezius', and EXP3 containing
[[EMG_trapezius', 'GSR', 'ECG']. The original dataset
was augmented from 8,700 samples to 34,800
samples using augmentation techniques. Batch Size =
128 and Number of Epochs = 100 were used for all
experiments and models.

The results showed that CNN model achieved the
best numerical performance in all of the experiments
when compared to the hybrid model. The highest
absolute accuracy of the CNN model was achieved in
EXP2 (Acc_mean = 0.9422), followed by EXP3
(0.9413) and EXP1 (0.9414), indicating that the
arrangement of the combined signals can affect
model performance. Data arrangement may facilitate
the convolutional model's ability to capture the most
influential local patterns. In contrast, the BiLSTM-
Attention-CNN hybrid model exhibited lower
numerical performance, with its highest accuracy in
EXP1 (0.805) and lower performance in EXP3
(0.789). This reflects the sensitivity of complex
models to data arrangement but also demonstrates
greater stability when verified across K-folds.

Despite the lower numerical performance of the
hybrid model compared to CNN, the standard
deviation and 95% CI showed relatively stable results
across  different  folds, suggesting greater
generalizability and reliability. This is particularly
important for critical applications, as the hybrid
model provides more realistic performance estimates
when using new data or unfamiliar distributions. The
hybrid model also leverages the temporal structure of
the data and attention to capture long-term
dependencies between signals, something the CNN
model cannot do as efficiently, even with data scaling
via augmentation.

Furthermore, the results indicate that the order of
the signals combined in the experiments can
significantly impact performance. EXP2 and EXP1
outperformed EXP3 for both the CNN and the hybrid
model, highlighting the importance of considering
signal order when designing hybrid models that rely
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on chronological sequences and relationships
between different channels. Although the training
time for the hybrid model was considerably higher
due to the complexity of the layers and attention, this
computational investment enhances the model's long-
term stability and reliability.

Based on this analysis, it has been concluded that
the CNN model achieved the best numerical
performance quickly when using Augmentation data,
while the BiLSTM-Attention-CNN model provides
higher reliability and stability with the ability to
generalize results, especially when applying K-Fold
Cross-Validation, and that the arrangement of data
combined in experiments can significantly improve
performance when choosing the optimal channel
arrangement.

7. Conclusion and future work

The issue of automatic pain recognition is a
difficult process because the experience and
expression of pain is variable and depends on several
elements including personality, past experiences, and
pain origin. In this work, the researchers tried to
increase the accuracy and reliability of pain
recognition methods through combining the various
sources of signals, such as physiological signals
(ECG,EMG and GSR) and applyed three
experiments in a different order at early fusion signals.

The evaluation of pain remains to be a serious but
difficult part of medical treatment, especially among
patients who are not capable of self-reporting. In
order to meet this objective, non-invasive pain
assessment requirement, we suggested a hybrid DL
model combining BIiLSTM, CNNs network, and
multi-head attention to classify the level of pain based
on multimodal physiological measures (ECG, EMG,
and GSR) using Biovid dataset.

A systematic comparison was conducted between
the proposed hybrid model based on BiLSTM-Multi-
Head Attention-CNN and a baseline model based
solely on CNN, to evaluate the impact of integrating
two-way time modeling and a multi-head attention
mechanism on improving classification performance.
While the baseline model also achieved high and
acceptable results across various evaluation
indicators, reflecting its efficiency in extracting
spatial features, the proposed model demonstrated
more consistent and stable superiority when relying
on five-fold cross-validation. This superiority was
reflected in improved accuracy, F1 score, positive
accuracy, recall, MCC, and AUC, along with a lower
standard deviation and closer 95% confidence
intervals. This confirms that the strong performance
of baseline model does not detract from the
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robustness of the suggested model, but rather
highlights the added value of integrating time
modeling and attention mechanisms in enhancing
generalizability and stability, despite its lower results
compared with baseline model.

In conclusion, findings of this research highlight
the promising potential of hybrid deep modeling,
which integrates temporal and spatial modeling with
advanced attentional mechanisms, in intelligent
healthcare systems, particularly for objective pain
assessment tasks based on vital signs. The ability to
achieve stable and generalizable performance, even
when compared to robust baselines, suggests the
viability of such systems as clinical decision support
tools, contributing to reduced reliance on patient self-
assessment and improved accuracy in continuous
monitoring. Furthermore, this approach opens up
future possibilities for developing non-invasive and
scalable systems that can be integrated into clinical
settings or remote monitoring systems, supporting
early personalized care and enhancing the quality of
healthcare services provided.

Future research should focus on several key
directions:

1- Real-world
environments
etiologies.

2- Integration of additional biosignals (e.g.,
EEG, facial expressions) to increase
diagnostic granularity.

3- Edge-computing adaptations to enable point-
of-care deployment and real-time analysis.

By bridging advances in artificial intelligence
with clinical needs, this research contributes to the
evolving paradigm of precision pain management,
advocating for solutions that are both accurate and
patient-centric.

validation in clinical
with  heterogeneous pain

8. Main scientific contribution

The major scientific contribution related to the

presented work could be summarized as:

1- Building a robust multi-class classifier
capable of distinguishing pain levels using
multiple physiological signals with an
MHAT that highlights the most informative

temporal  features, enabling accurate
distinction between different pain intensity
levels.

2- The MHAT enables the model to assign
greater weight to time segments or features
that carry more information relevant to pain
discrimination, while ignoring irrelevant or
noisy segments.
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3- Inpainsignals, such as ECG, EMG, and GSR,
not all time segments are equally important;
the physiological changes associated with
pain (such as increased heart rate or
cutaneous conduction) occur only at specific
moments.

4- The conventional model (such as LSTM or
CNN alone) treats every part of the signal
with equal importance, whereas AM allows
the model to:

+ Adaptive focus on segments with
characteristic pain activity;

» Improved interpretability, since the
weights generated by the AM point to the
time regions most influential in the final
decision;

« Improved accuracy by enhancing
important contextual representation.

5- Introducing a dynamic AM to highlight the
most important time periods in the signal.

6- Proposing novel architecture combining
Attention, BILSTM, and 1D-CNN to
enhance feature extraction.

7- Providing conceptual advancements by
linking predictions to important
physiological signal segments, increasing
interpretability and methodological
innovation.

8- Demonstrating that the order of vital signals
directly affects performance, as the optimal
order differs between the CNN model and the
BiLSTM-MHAT-CNN algorithm, reflecting
the sensitivity of sequence-dependent models
and attention to the organization of multi-
signal channels.
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