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ABSTRACT

The pain measurement is a very vital aspect of healthcare, but the traditional approaches offer extensive dependence on manual

feature extracting through physiological measurements and clinical judgement. These conventional methods involve expert
knowledge, they are time consuming and have a tendency to fail to be generalized effectively nor across various groups of
patients. To overcome these shortcomings, this paper comes up with a proposal of an automated pain recognition model that
processes physiological signals through a hybrid deep learning model. The model combines Convolutional Neural networks,
Bidirectional Long short term memory networks, and Gated Recurrent Units with which hierarchical spatial and time
representations of raw signals are learned automatically. The architecture captures the local signal properties as well as the
long-range contextual dependencies which enhance the difference between pain and no-pain states. Further, a stacking classifier
ensemble is used to improve the prediction robustness and generally improve its performance. The proposed method has a high
level of reliability as experimental assessment shows that this method is accurate at the level of 99. The system offers scalable
and intelligent capability of objective pain monitoring which aids in supporting the making of better clinical decisions and patient
care within the contemporary healthcare settings.

Keywords: Pain Recognition, Physiological Signals, Hybrid Deep Learning, Stacking Classifier, Automated Healthcare.
Systems, Smart Pain Surveillance..

1. INTRODUCTION

Pain is an inherent physiological reaction, which indicates disruption, disease or wrongful conditions of the body and this may need
medical care. Proper pain evaluation is crucial in health care since it informs the diagnosis, treatment procedures, and checking of the
recovery of the patient. Conventionally, pain identification is based on subjective assessment by clinicians/physiotherapists via
observation of the patient, verbal, and behavioral responses in terms of medical test or treatment. Such measurements largely require the
experience and the judgment of medical workers that may create problems with the inconsistency and variability of pain
measurements. In addition, the behavioral expressions including facial expressions, body and vocal reaction may not necessarily be a
good indicator of the actual pain experienced by a patient.

The next possible source and more objective method of pain recognition is physiological signals. The stimuli of pain resulted in the
response of both neuro and autonomic systems and lead to changes in physiological parameters.

Electrodermal activity, electrocardiography and electromyography signals are examples of electrophysiological signals that are
variants of skin conductance, heart, and muscle responses related to the occurrence of pain. These biosignals will direct useful
information about the inner state of the body and can be viewed to determine patterns that existed in the perception of pain.
Physiological signals on pain unlike behavioural indicators are hard to manipulate and hence give more accurate cues of pain. Due to
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the growing access to wearable sensors and biomedical monitoring gadgets, the area of physiological signal examination has become
a prospective venture in automated pain detection systems.

Traditional machine learning algorithms that are used to identify pain usually rely on handcrafted features derived out of physiological
biomarkers. These characteristics are normally based on the statistical, temporal, or frequency magnitudes and involve much expertise
of domain information. Designing and selection of features is a tedious process and it might not be generalizable across dataset or on
different sets of patients. Traditional methods might therefore not be able to depict complex relationships of time and latent patterns
that occur within physiological cues.

The recent developments in deep learning have offered effective solutions of discovering meaningful representations of raw data
automatically. The multi-layered processing feature enables deep learning models to identify nonlinear relationships and hierarchy
and also removes the need to use manual feature engineering. Convolutional neural networks are useful at capturing local
signal patterns whereas recurrent neural networks like the long short-term memory and gated recurrent unit can be used to capture
temporal dependencies in sequential data. Through a combination of these architectures spatial as well as time features of physiology
signals can be learned to make it possible to identify the pain more accurately.

Given such benefits, the current research will be based on a hybrid deep learning architecture to identify pain states in physiological
signals. The model consists of the convolutional neural networks with bidirectional long-short-term memory and gated recurrent unit
setups to obtain multi-level contextual information of signal series. This design allows the system to learn hierarchical representations
as well as local signal variations as well as extended temporal relationships. Moreover, a stacking ensemble of the classifier is also
used to enhance the performance in prediction and classification.

The key contributions of this piece of work are as summarized:

+ Introduces a pain detection system based on automated system; which examines physiological features without manually
engineering features.

¢+ Creates the hybrid deep-learning network that comprises of convolutional neural networks, bidirectional long short-term memory,
gated recurrent units to learn the spatiotemporal attributes in detail.

Includes: Training of multi-level contextual representation represented learning, to jointly learn local and long-range dependencies in
physiological signal sequences.

+ Improves classification by use of stacking ensemble approach which enhances generalization with models and predictability.

+ intelligible The proposed system is shown to be effective in terms of accurate and scaled pain recognition in intelligent healthcare
settings.

In general, the suggested solution offers an effective and objective way to detect pain automatically, with its support to the advanced
healthcare monitoring systems and the enhanced clinical decision-making.

2. RELATED WORK

Physiological signal-based pain recognition has been of great interest in the recent years given the capability to offer objective and
reliable pain management. Preliminary studies regarding the application of physiological measurements like electrodermal activity,
electrocardiography and electromyography in the identification of pain reactions by way of machine learning algorithms. These
measures proved that there is a high correlation between physiological changes and pain stimuli and can be adopted to the best of
automated pain detection mechanisms. Nevertheless, classical machine learning approaches involve feature extraction by hand and
domain knowledge which restricts or hinders scalability and generalization to new datasets and patient groups [1].

Recent researches have embraced more and more the use of deep learning in order to address the weaknesses of handcrafted feature
extraction. Architectures Hybrid neural network structures based on convolutional and recurrent layers have been popular in order to
exploit spatial and temporal features of physiological signals. Convolutional neural networks can be readily trained on local patterns
of signals, whereas recurrent models like long short-term memory and the model sequential dependencies in physiological timeseries
data of gated recurrent units can be trained [2].

Other researchers have also studied more sophisticated methods of architecture like attention, transformerbased networks, and ensemble
models of learning to improve the understanding of context and performance in terms of classification. Such strategies enhance the
capacity of the model to record the complicated connections among the physiological signals and give better outcomes of recognizing
the pain. Moreover, multimodal systems that combine various physiological signals or which combine physiological data and
behavioural ones have demonstrated promising performance enhancement in the tasks of detecting pain [3].

Although these have been made, a significant number of current methods have issues of computational complexity, poor
generalization and have problems with long-term time dependencies. Hence, multimodal deep learning models which combine several
neural architectures are under research in order to enhance efficiency as well as predictivity. An overview of the common pain
recognition methods that have been developed so far is presented in Table 1 showing their techniques, type of data, models, constraints,
and advantages depending on prior research [4] - [15].

Table-1: Comparison of Representative Pain Recognition Methods Using Physiological Signals

Method | Data Type | Frame | Strengt hs | Limitatio ns
work
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This comparison shows that deep learning-based methods are much better at automated pain recognition by learning of
hierarchical and contextual representations by using physiological-signals. Nevertheless, it is still an open problem to obtain
the efficient modelling of both the local and longterm dependencies and at the same time be computational efficient. The
suggested hybrid deep learning model will alleviate these shortcomings and minimize the issue of convolutional and
recurrent architectures by adding to them an ensemble approach that will enhance classification performance and stability.

3. METHODOLOGY

This paper has suggested an automated pain detection system with the help of physiological signs and combined deep
learning algorithms. Conventional methods of pain recognition are based on manual face feature extraction and the expert
knowledge, which severely restricts scalability and consistency. To overcome these shortcomings, the suggested system
has used a deep learning model with the ability to automatically learn about discriminative representations using
physiological signal. The system was a combination of convolutional as well as the recurrent neural network to ensure that
spatial and temporal aspects of signals are recaptured. More than that, an ensemble learning strategy based on a stacking
classifier was applied to increase the predictive robustness and to improve the classification accuracy.

The general layout comprised of the gathering of data, signal preparations, extraction of features using deep learning
models, the gathering of classifications and the assessment of performance. The architecture was a combination of
Convolutional neural networks (CNN), Bidirectional Long short term memory networks (BiL), and Gated recursive units
(GRU) to obtain multi-level contextual signal sequences using sequences of physiological signals. The stacking classifier
took a combination of a prediction between various models to achieve the final classification result.

3.1 System Architecture

The suggested architecture (Fig.1) used physiological signals and applied them through the series of steps to result in
automated pain recognition. Firstly, data of physiological signals was then gathered and analyzed in order to learn its
structure and properties. The signal values were then normalized and noise was removed using pre-processing of the
signals. It was providing processed information that was separated into training and testing data sets in order to facilitate
the learning and testing of the model.

Spatial features were obtained in the CNN component and these spatial features were extracted in physiological signal
representations. The convolutional layers found the local patterns and morphologies in the signals. These feature maps
were then fed to the BiILSTM layer and this layer recorded the temporal dependencies by operations of the signal sequences
in the forward and backward directions. This enabled the model to acquire contextual signal segment relationships.

GRU layer was also added to improve the sequential modelling and long-term dependencies of the computational
efficiency. The stacking classifier ensemble was then fed with the output representations which is a composite production
of resultant predictions made by numerous models to enable final production of the pain classification result. The
architecture has facilitated good learning of local and global signal features to enhance better performance in pain
recognition.

dataset to be trained and assessed on this proposed pain recognition model.
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Fig-3: Flowchart of the Proposed Hybrid Deep Learning-Based Pain Recognition System

3.3 Data Processing

Physiological signals that were recorded were preprocessed to enhance the quality of the signals and they were ready to be
used in model training. Filtering of the raw signals was used to remove noise and artifacts in the raw signal. The use of signal
normalization followed to be used to be assured that the varying samples were scaled the same way.

An initial processing was followed with the division of the dataset into training and testing sets. The training and testing set
were respectively used to train and test the performance of the deep learning models. This division had the advantage of
testing the model on untested data.

3.4 Algorithms
3.4.1 Random Forest

The suggested system biologically handles the physiological data in the form of preprocessing, feature extraction, with
CNN, timeseries learning, with BILSTM and GRU, and subsequent ensemble classification that operates following stacking
model to generate high- quality pain predictions.

3.4.2 Dataset Collection
The experiment employed the Bovid Heat Pain Database, which is a multimodal dataset comprising of physiological and
visual indications in strong experiments that involved pain stimuli. This data (Fig.2) involved physiological indicators of
electrodermal activity (EDA), electrocardiography (ECG), and electromyography (EMG). These measures were the
measurement of physiological reactions related to pain perception.

The dataset involved exposure of the subjects to different levels of thermal stimuli to cause pain reactions. The levels of
pain were grouped into five classes namely: Pain 0, Pain 1, Pain 2, Pain 3 and Pain 4. The 0 variant of pain was the control
or no pain group. This study utilized the Random Forest is a machine learning algorithm that is an ensemble algorithm; it
involves the building of multiple decision trees when the algorithm is being trained. Every tree is trained by way of random
training subset of the data and attributes. The last prediction is calculated as the derivation of all the individual trees.
Random Forest was also applied in the framework of the stacking classifier in this research work as one of the base learners.

3.4.3 CNN + BiLSTM

CNN + BiLSTM model was employed in order to provide spatial and temporal features of the physiological signals. The
CNN layers used were used to extract features, where convolutional filters were applied on the input signals in order to obtain
local features. The features that have been extracted were inputted into a BILSTM network that was trained to learn
sequential relationships based on the analysis of signal sequence on both forward and backward directions.

The convolution operator was given as: Output Dimension= (n—f+1, n—f+1)
In which, n is the dimension of input signal, f is filter size.

The suggested hybrid architecture expanded the CNN + BiLSTM technical design including the layer of a GRU. GRU
networks are developed with the aim of effectively modeling the sequential data and identifying the long- term relationships
with a minimum number of parameters as compared to the conventional LSTM networks. Multi-level contextual
representation of the physiological signals through the combination of CNN, BiLSTM, and GRU enabled the model to
learn the contextual representations of various levels to classify better pain recognition tasks.

3.4.4 Stacking Classifier

© 2026, IJARIIT - All rights reserved. Website: www.ijariit.com Talk to Counselor: 9056222273  Page: 37


http://www.ijariit.com/

Stacking is an ensemble based method in learning that involves predictions of various base classifiers with the help of one
meta-classifier. In this method, the features of outputs of individual models were input in a more advanced classifier. The
meta-classifier was trained to integrate these predictions to give the end result of classification.

Assuming that the dataset is as follows: (X, Y)

Where, X is the physiological signal features of the inputs. Y denotes the class labels respectively.
It was defined that a classification function is: f(x;0)

where, x is the input feature vector, and 0 is the feature of the model.

is used to denote the model parameters.

Polymeric systems were looked at aiming at the optimization of the cost function: 0: ABC 12 - f C (0) in which C (0) is the
classification loss function.

3.5 Proposed Method Pseudocode

Input: Input Dataset Physiological Signal Dataset D. Output: No-Pain or Pain Classification.

A. Loading the physiological signal data.

2. Perform preprocessing

- Eliminate artifacts and noise.

Normalize signal values
divide the data into training and testing groups.
Get the spatial features with CNN layers.
Seize  time-depending relationships ~ with BILSTM.

Train in sequential learning through GRU layer.

N kW

Random Forest Classifier - Train base.Forest
CNN + BiLSTM

- CNN + BiLSTM + GRU

8. Apply stacking classifier

- Outsource predictions of base models.

9. Train meta-classifier Surveys model using performance measures.
- Accuracy

- Precision

- Recall

- F1-score

10. Predicted pain class output.

4. RESULT ANALYSIS

Outcome

)
Pain 0 is Recognition With Physiological Signals!
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Outcome

Pain 1 is Recognition With Physiological Signals !

......
......

Outcome

Pain 2 is Recognition With Physiological Signals !

.....
.....

Outcome

Pain 3 is Recognition With Physiological Signals !

Outcome

Pain 4 is Recognition With Physiological Signals !

4.1 Measures of Performance Evaluation

The efficiency of the offered pain recognition system could be estimated with the help of several common classification
performance measures such as Accuracy, Precision, Recall and F1-Score. These measures allow a detailed evaluation of
the model that will detect the presence of the pain and non-pain conditions in the physiological measures.

Accuracy: Accuracy of a test is its capability to discriminate the patient and the healthy cases. The most important thing
to estimate the accuracy of a test is by computing the percentage of true positive and true negative in all the cases being
evaluated. This can be mathematically expressed to be:

Precision: This is an estimation of the share of accurately classified instances or samples of those that are classified as
positive. Therefore, the mathematical equation on how to compute the preciseness is presented as:

Recall: Recall is a machine learning metric which quantifies how well a model is able to correctly identify all the
appropriate examples of a given class. It is calculated as the proportion of correctly identified positive instances carrying
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out the proportion of the total number of actual positives of a given classification which informs of the thoroughness in a
model to capture general instances of a given classification.

F1-Score: F1 score is an evaluation measure of machine learning that evaluates the accuracy of a model. It is a combination
of precision and recall score of a model. Accuracy measure calculates the measure of how an approximation occurred in a
model in the entire dataset.

4.2 Comparison of Performance with Previously Reported Results
The results of the proposed models are provided in Table 3 compared to those of previous research gave in Table

2. The comparison shows the proposed hybrid deep learning architecture and is much better on pain recognition
performance.

Table-2: Performance of Previous Pain Recognition Methods

Method | Accuracy | Precision | Recall F1-
Score

Random 0.530 0.398 0.274 0.309

Forest

CNN +| 0.861 0.991 0.861 0.903

BiLSTM

Table-3: Performance of Proposed Models

Model | Accuracy | Precision | Recall F1-
Score

Stacking 0.999 0.999 0.998 0.999

Classifier

CNN +| 0.984 0.984 0.984 0.984

BILSTM

+ GRU

The findings indicate that the suggested CNN + BiLSTM

+ GRU hybrid model and stacking classifier performs highly well as compared to the conventional machine learning
techniques. The stacking classifier was found to be the most accurate with 99.9% giving it high predictive strength and
resilience. The hybrid deep learning model was also found to be very effective with 98.4% accuracy as indicated by the
effectiveness of multi-level contextual learning using physiological signals.

4.3 Sample Calculation

The calculation of Precision as a sample is presented below.

Suppose the following values of the confusion matrix: TP = 95

FP=35

Precision=TP/TP+FP Precision=95/95+5 Precision=95/100 Precision=0.95

Hence, the accuracy level stands at 0.95 (95%), and it represents that the brain has accurately available 95 percent of cases
of pain.

4.4 Graphical Comparison

Graph 1 shows the relative performance of each of the models using the measures of evaluation. Accuracy in the graph is
indicated in blue, precision in red, recall in purple and Fl-score in green. It is evident in the results that the stacking
classifier and CNN + BiLSTM + GRU model had better performance regarding all evaluation metrics when compared to
the traditional models.

The visualization of the graph further confirms that the hybrid deep learning models are good at capturing intricate patterns
in physiological signals, and as a result, recognizing pain better.
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5. DISCUSSION

Based on the obtained outcomes of the experiment, it is apparent that deep learning methods can be employed to enhance
the success of recognizing pain with the help of physiological signals considerably. The main aim of the study was to
propose an effective style of classification of pain which would use multimodal physiological data and adequately
categorize the pain. It can be concluded that CNN + BiLSTM + GRU model got an accuracy of 98.4, whereas stacking
classifier got an accuracy of 99.9 and this is quite significant compared to the Random Forest model with.

53.0% accuracy. Moreover, the model of hybrid was attained.
Median precision, recalls and F1-score of 98.4 per cent, which denotes equal and sound classification.

Such gains are largely explained by the capability of deep learning mechanisms to automatically identify hierarchical and
intricate characteristics on physiological responses like ECG and EDA, without the application of features engineering. The
system is able to record various sides of the body reaction to pain because of the combination of various physiological
signals. As an example, EDA displays the changes of the skin conductance as an emotional or stress response, whereas
ECG records and presents the alteration of heart activity, which, along with EDA, provides more correct classification.

Deep learning models, contrasted with traditional machine learning techniques that use features created manually, are able
to actually learn multi-level contextual representations of signal-only data, and therefore learn the subtle temporal patterns
and dependencies. Nevertheless, they have such limitations as potential overfitting as well as dependence on dThe
limitation of future research can be aimed at obtaining better results in extracting the latent sequence information based on
the physiological signals to achieve a better detection of pain. Further research on the development of state-of-the-art deep
learning models with the potential to represent both spatial and temporal dependencies would enhance performance.
Testing models on more varied and bigger datasets could be useful to determine generalizability between clinical
conditions. Also, it can be used together with physiological indicators like EMG, ECG, and EDA, which can be used to
further improve the situation in areas such as emotion recognition, stress, and monitoring of health conditions in real time.

The experimental results demonstrate that deep learning techniques significantly improve the accuracy of pain recognition
using physiological signals. The primary objective of this research was to develop an efficient model capable of accurately
classifying pain using multimodal physiological data. The results indicate that the CNN + BiLSTM + GRU model achieved
an accuracy of 98.4%, while the stacking classifier obtained 99.9% accuracy, which is considerably higher than the Random
Forest model with 53.0% accuracy. In addition, the hybrid model achieved 98.4% precision, recall, and F1-score, indicating
balanced and reliable classification performance.

These improvements are mainly attributed to the ability of deep learning models to automatically extract hierarchical and
complex features from physiological signals such as ECG and EDA, eliminating the need for manual feature engineering.
The combination of multiple physiological signals enables the system to capture different aspects of the body’s response
to pain. For instance, EDA reflects variations in skin conductance related to emotional or stress responses, while ECG
captures changes in heart activity, providing complementary information for more accurate classification.

Compared with traditional machine learning approaches that rely on handcrafted features, deep learning models learn
multi-level contextual representations directly from raw signals, allowing them to identify subtle temporal patterns and
dependencies. However, limitations include possible overfitting and dependency on dataset size.
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6. CONCLUSION

This study presented a deep learning—based approach for automatic pain recognition using physiological signals. The
proposed framework utilized multimodal signals such as Electrocardiogram (ECG) and Electrodermal Activity (EDA) to
capture physiological responses associated with pain. By applying advanced deep learning architectures, including CNN,
BiLSTM, and GRU, the system was able to automatically extract meaningful patterns from raw physiological data without
the need for manual feature extraction. This capability simplifies the overall process and reduces dependency on domain-
specific knowledge.

The experimental results demonstrated that the proposed models achieved significantly higher performance compared to
traditional machine learning methods. The Random Forest model achieved an accuracy of 53.0%, while the CNN +
BiLSTM model improved the accuracy to 86.1%. The proposed hybrid CNN + BiLSTM + GRU model achieved 98.4%
accuracy, with 98.4% precision, recall, and F1-score, indicating highly reliable classification performance. Additionally,
the stacking classifier achieved the highest accuracy of 99.9%, showing the effectiveness of combining multiple models
for improved prediction.

Overall, the results confirm that deep learning models can effectively learn complex and hierarchical patterns from
physiological signals. The integration of multiple signals enables a more comprehensive understanding of pain responses,
leading to improved accuracy, sensitivity, and robustness in pain recognition systems.

7. FUTURE WORK

Future research may focus on improving the extraction of latent sequence information from physiological signals to enhance
pain recognition accuracy. Exploring advanced deep learning architectures capable of capturing spatial and temporal
dependencies could further improve performance. Evaluating models on larger and more diverse datasets may help assess
generalizability across clinical conditions. Additionally, integrating physiological signals such as EMG, ECG, and EDA
could provide richer information for applications including emotion recognition, stress detection, and real-time health
monitoring.
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