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Abstract

Sentiment analysis is a vital area of research with applications in various fields such
as security, modern healthcare, and business strategy. It plays a key role in address-
ing serious issues, for example, in helping to identify people with suicidal tendencies,
enabling timely intervention and support. It also helps to detect and mitigate the
effects of cyberbullying, where individuals can lose social standing due to negative
online interaction. In addition, sentiment analysis contributes to improving the qual-
ity of products, food, and services by analyzing customer feedback and insights. In
today’s world, its influence is especially significant in the modern healthcare system,

where it supports better patient care and good service.

This thesis explores different innovative approaches to analyze pain sentiments among
patients. This study incorporates linguistic and behavioral signals captured from
textual, audio, and visual datasets. Here, we have developed text-based pain analy-
sis systems using machine learning approaches as well as deep learning approaches.
The machine learning approaches are pillared on feature extraction methods like
Bag of Words (BoW) and Term Frequency-Inverse Document Frequency (TF-IDF)
and classification methods. Deep learning models include Long Short-Term Mem-
ory (LSTM) and Bidirectional LSTM (BiLSTM) architectures to gain deeper insight

into the emotional context conveyed in the text.

Text-based systems suffer from some inherent limitations. To overcome these issues,
we next design audio-based pain sentiment analysis systems. Vocal signals are rich
sources of emotion, picking up subtle changes in pitch, speech rhythm, and instability
in the voice that are omitted or hard to detect when written. The feature extrac-
tion module of the audio-based system computes statistical features, Mel-frequency

cepstral coefficients (MFCCs), and spectral features. Fach feature set is initially



classified using traditional machine learning models; subsequently, the features are
concatenated, and a deep learning architecture with a fully connected network is

implemented for classification.

Despite the significant benefits provided by audio-based pain analysis, it also poses
serious challenges, especially in terms of ambiguity in data from various aspects such
as due to tone, language barriers, and cultural differences. This fundamental issue
prompted us to incorporate facial expression analysis as a complementary modality
because facial movements are governed by consistent neuromuscular patterns and
are difficult to consciously suppress, offering a more stable reflection of true pain
labels. To resolve the issue, we developed image-based systems. From the facial
image, features like the Local Binary Pattern (LBP) and the Histogram of Oriented
Gradients (HOG) are derived and then classified. On the other hand, we designed

four CNN deep architectures.

Image-based analysis has its own limitations, primarily its static nature, which pre-
vents the assessment of temporal dynamics such as the duration and progression of
pain expressions. To overcome this limitation, we extend the framework by incor-
porating video, a dynamic signal. The image-based system using the deep learning
approach has much superior performance in comparison to the machine learning ap-
proach, so a video-based pain analysis system is designed following the deep archi-
tecture only. Here, features are derived using the two well-performing CNN models
along with five well-known pretrained models. For classification, we propose two

architectures, PainCapsule and AttentionPainCapsule.

The individual system based on different types of data cannot achieve sufficient ac-
curacy. Finally, we design multimodal systems to fuse different systems. In this
work, we apply the post-classification fusion technique and achieve significant im-

provement.
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Chapter 1
Introduction

Sentiment refers to the emotional tone or attitude conveyed through text, speech,
behavior, or other forms of expression [1]. Sentiment analysis (SA) is an applica-
tion of the interdisciplinary domains [2], drawing from linguistics, computer science,
and machine learning to detect, extract, quantify, and analyze emotions and sub-
jective content (negative, neutral, positive) from various sources [3]. The primary
objective of sentiment analysis systems [4] is to determine the polarity of a given
input, specifically whether the expressed sentiment is positive, negative, or neutral.
More sophisticated systems can identify specific emotions, levels of urgency, and

underlying intentions. The polarity of sentiment analysis is illustrated in Fig. 1.1.

O =

POSITIVE NEUTRAL NEGATIVE

“Great service for an affordable price. “Just booked two nights at this hotel.” “Horrible services. The room was dirty
We will definitely be booking again.” and unpleasant. Not worth the money”

F1GURE 1.1: Polarity of the Sentiment Analysis System.

A sentiment analysis system [5] is a computerized system that discovers, examines,
and comprehends feelings and opinions from various types of data (such as text,
audio, or video). A sentiment analysis system uses computational methods [6] to
automatically identify and interpret subjective data from text [3], audio, image, and

video. The system examines sentiments using different techniques that categorize

1



Chapter 1. Introduction

sentiments as positive, negative, or neutral and further categorize them into more
complex emotional states, such as joy, pain, anger, or surprise [4]. The process
starts with data preprocessing and feature extraction to determine the elements in-
fluencing the sentiment. These comprehensive feature extraction strategies support
real-time emotion monitoring in domains such as healthcare, customer sentiment
analysis, and mental health assessment while addressing challenges related to con-
textual understanding, multimodal data integration, and bias mitigation. Advanced
systems of modern days use deep learning models that can understand the complex
relationships within different types of data. This helps them to make better sense
of complex patterns and subtle signals, leading to more accurate and meaningful

results [7]. Fig. 1.2 presents the working principle of a digital sentiment analysis

Input Data > p . Feature
(Text/Audio/Image/Video) feprocessing Extraction

system.

Sentiment Output:

1) Polarity (Negative/Neutral/Positive) . .
i) Emotions < Classification

ii1) Intensities

FIGURE 1.2: Flow diagram of a Sentiment Analysis System.

The system has four different parts: data acquisition (or data input), preprocessing
data (to remove noise and unwanted data), feature extraction, and classification. In
this thesis, for experimental purposes, we have used some standard datasets. So,
there is no model for data acquisition. We briefly discuss the other modulus of the

system in the following.

e Data preprocessing: Four types of data (as shown in Fig. 1.2) are commonly
used in sentiment analysis. The preprocessing techniques for each of these
modalities differ due to the distinct structural and contextual characteristics
inherent to each data type. The text data preprocessing involves removing

non-informative words such as stop words, articles, prepositions, pronouns,
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and be-verbs. This is followed by tokenization, where the text is broken down
into individual tokens or words, which are considered preprocessed text data.
In audio-based data preprocessing, signal processing techniques are employed
to digitize the audio signals and remove noise from these digitized signals using
methods such as the Kalman Filter and wavelet denoising. The image prepro-
cessing techniques involve filtering, noise reduction, and region-of-interest seg-
mentation using image processing methods such as Gaussian filtering, median
filtering, histogram equalization, edge detection, and thresholding to prepare
images for subsequent feature extraction tasks. The video preprocessing tasks
involve frame-by-frame decomposition, followed by the application of image
preprocessing techniques such as filtering, noise removal, and region segmen-

tation to enable effective video analysis.

e Feature extraction: Feature extraction techniques transform preprocessed
data into quantifiable data, which is called a feature of the data. This feature
enables the identification of emotional states such as determining whether
an emotion is positive, negative, or neutral, classifying specific emotional
categories like joy or anger, or estimating emotional intensity by analyzing
digital signals such as word patterns in text, voice signals in speech, and
micro-expressions in image/video [8]. These representations are obtained us-
ing methodologies tailored to each data modality. For instance, text feature
extraction utilizes techniques such as Bag-of-Words, Term Frequency Inverse
Document Frequency, and Context-Aware Embeddings, e.g., Word2Vec [9] and
BERT [10]. Audio features are extracted using methods like Statistical Fea-
tures, Mel-Frequency Cepstral Coefficients (MFCCs) [11], and Spectral Fea-
tures [12]. Image feature extraction includes handcrafted descriptors such as
Histogram of Oriented Gradients (HOG) [13], Local Binary Patterns (LBP),
Scale-Invariant Feature Transform (SIFT) [14], Bag-of-Words, and Sparse Rep-
resentations, as well as deep learning models like VGG16 [15], ResNet50 [16],
Inception-v3 [17], and MobileNet [18]. Video analysis employs the above im-
age feature extraction methods on a frame-by-frame basis and further leverages
spatiotemporal models, such as 3D CNNs [19] and deep convolutional archi-

tectures, for large-scale video classification [20].
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e Classification: Once features are extracted from the preprocessed data, they
are further utilized for classification tasks. The classification task is performed
using a range of machine learning and deep learning methods. Traditional
machine learning algorithms, especially those based on supervised learning,
use labeled datasets to train models that automatically recognize sentiment or
emotion patterns [21]. Common classifiers include Random Forest [22], Sup-
port Vector Machine (SVM) [23], Logistic Regression [24], Decision Tree [25],
k-Nearest Neighbor [26] and Classification and Regression Tree [27]. In re-
cent years, deep learning has significantly advanced the field, with architec-
tures such as Long Short-Term Memory (LSTM), Recurrent Neural Networks
(RNNs) [28, 29, 30], Convolutional Neural Networks (CNNs), Bidirectional
LSTM (BiLSTM), Gated Recurrent Units (GRUs), Deep Neural Networks
(DNNs), and Fully Connected Networks (FCNs). Furthermore, the emergence
of transformer-based architectures has revolutionized sentiment and emotion
classification tasks. Models such as Bidirectional Encoder Representations
from Transformers (BERT) and Generative Pre-trained Transformers (GPT)
provide a deeper and more nuanced understanding of language and context,
enabling improved performance in a variety of natural language processing
tasks [10]. Despite these advancements, several persistent challenges remain
in building robust sentiment analysis systems [1]. One major limitation is
the difficulty in interpreting figurative language, including sarcasm, irony, and
humor, which often requires an understanding of subtle contextual cues and
world knowledge that current models struggle to emulate [31]. These challenges
underscore the need for more context-aware, multimodal, and semantically en-

riched models in the ongoing evolution of affective computing.

1.1 Characteristics of Sentiment Analysis

Sentiment analysis is the computational process of extracting, identifying, and clas-
sifying opinions, emotions, and attitudes from text, speech, image, and video data.
Its distinguishing characteristics are the polarity classification (positive, negative,
neutral), subjectivity detection (opinion or fact), emotion granularity (joy, anger,

pain), intensity measurement (strong or weak sentiment), and context awareness
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(handling sarcasm, slang, or domain-specific language). Sentiment Analysis Sys-
tem (SAS) is used in customer feedback analysis, social media tracking, and market
research to gain actionable insights from unstructured information. Sentiment anal-
ysis (SA) focuses on understanding opinions expressed by individuals about various
topics such as events, issues, aggression, anger, and general attitudes. However,
recent advances have taken this one step further. Today, researchers are identifying
the polarity of sentiment and quantifying the degree of positivity or negativity using
sentiment scores. With the explosive growth of user activity on online platforms,
interactions among individuals have increased dramatically. Unfortunately, this in-
crease in digital engagement has also led to a surge in aggression-driven behaviors
such as flaming, trolling, roasting, and cyberbullying on a global scale [32]. Senti-
ment analysis extends to several crucial areas, including spam detection, identifying
bullying or suicidal tendencies, tracking fraudulent messages, recognizing aggres-
sion, and monitoring other harmful behaviors. Although SA is based on a single
data type, it may be useful in many scenarios; however, there are situations where
relying on just one modality may not provide a significant level of understanding.
These limitations are discussed in more detail in the following subsections. The

characteristics and components of sentiment analysis are illustrated in Fig. 1.3.

Emotion
Detection
(Anger, Joy, Pain Based
etc.)
Polarity
(Positive/Negative
/Neutral) Audio Based
Intensity - Sentiment Analysis
(Mild/Strong) | Systems Image Based
Video Based
Gradation [ Multimodal ]
(Scales 1-5, 1-10) Comparative
(More/Less
than) Text + Audio +
Visual
Machine Learning Deep Learning
Based Based

FiGURE 1.3: Characteristics and components of SAS.
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1.2 Types of Sentiment Analysis

Sentiment analysis systems are classically divided into various types depending on
their point of analytical focus and methodology [3]. Digital sentiments come from
various sources, depending on the purpose of the data. Primary sources are social
media sites (Twitter tweets, Facebook posts), product reviews (Amazon, Yelp), cus-
tomer feedback forums, news stories, and forum posts [2]. These signals appear as
structured data (star ratings, likes), semi-structured data (hashtags, emoticons), and
unstructured free text. New sources include voice assistant interactions, chatbot di-
alogues, and video/audio transcripts. Digital sentiment signals can be classified into
various categories. Lexical signals consist of explicit sentiment terms (e.g., ‘excel-
lent’; ‘terrible’), intensifiers (‘very’, ‘extremely’), and negations [33]. Para-linguistic
signals include emoticons, emojis, and punctuation usage patterns (e.g., a string
of exclamation marks). Structural signals include review ratings, upvote/downvote
ratios, and social media engagement metrics. Contextual signals include temporal
patterns (sentiment evolution over time), author features, and domain-specific terms.
Every type of signal needs specific processing methods to accurately determine its

contribution to sentiment [34].

A sentiment analysis system can be attributed to sentiment categories such as polar-
ity, intensity, etc. Different attributes of a sentiment analysis are shown in the upper
left part of Fig. 1.3. A sentiment analysis system can also be classified according to
the type of data used to recognize sentiment. The upper right part of Fig. 1.3 shows
different types of systems. Further, sentiment analysis systems are categorized as
machine learning-based methods or deep learning based methods on the basis of the

tools used.

Attributes of Sentiment Analysis: Emotion detection is about recognizing and
labeling feelings such as happiness, anger, or sadness from things people say, write,
or show through expressions and voice. A visual representation of the SA attributes
is illustrated in Fig. 1.3.

1. Emotion Detection: This is about recognizing human feelings, like joy,
anger, or surprise, from things we say, write, or show in photos and videos. It

uses smart machine learning tools to spot emotional patterns. Unlike simple
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sentiment analysis, this digs deeper and can tell the difference between more

subtle feelings.

2. Polarity: Polarity tells us whether something feels positive, negative, or neu-
tral. It is the most basic way to understand the mood or opinion of someone.

Most systems start with this step before doing anything more complex.

3. Intensity: This looks at how strong the feeling is, whether it is just a bit
of annoyance or full-blown rage. It helps to distinguish emotions that may
sound similar but have different impacts. Understanding intensity helps us

know which emotions need more attention.

4. Gradation: Gradation follows how feelings slowly change over time, like going
from being happy to feeling thrilled or from slight concern to real worry. It

helps track emotional changes in a conversation or events.

5. Comparative: This compares emotions between two things, such as saying
that one product is better than another. It is useful when people are making

choices or expressing preferences.

Types of data in Sentiment Analysis: Here, we discuss the sentiment analysis
system based on the data types used for analysis. SA with different types of data is

presented in Fig. 1.3. The methodologies are broadly categorized as follows.

1. Text-Based Sentiment Analysis: Text-based sentiment analysis is de-
signed to uncover emotional insights from written content, which is based on
Lexicon [35]. It relies on dictionaries that assign semantic orientation and emo-
tional intensity to words, often augmented by linguistic rules to handle nega-
tions, modifiers, and context. This type of analysis is beneficial for identifying
harmful behaviors like bullying, aggression, trolling, and suicidal ideation, as
well as for analyzing customer feedback to improve service quality and mon-
itor employee performance. However, despite its utility, text-based sentiment
analysis often struggles to accurately capture the full depth of human emo-
tion, mainly due to the lack of contextual richness and emotional nuance in
text alone. The available text datasets are designed for specific problems, and

processing these datasets in a particular domain is a very challenging task; that
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is, to make these datasets in usable format, some text preprocessing techniques
are required. Additional technical challenges include the scarcity of annotated
data, the complexity of natural language, and the difficulty of understanding

the conversational context. The subcategories under this Text-based SA are:

(a) Document level sentiment analysis, which categorizes the total sentiment

of an entire document or a unit of text. [21].

(b) Sentence level analysis analyzes separate sentences for subjective con-
tent and polarity, sometimes needing to make a differentiation between

objective and subjective sentences [36].

(c) Aspect based sentiment analysis that recognizes sentiments for specific

entities or attributes of entities presented in the text [37].

(d) Fine grained analysis based on multi-point scales (e.g., 1-5 star ratings)

as opposed to mere polarity [38]. New forms of analysis include

(e) Multilingual sentiment analysis for cross-lingual use cases [39].

2. Audio-Based Sentiment Analysis: Audio-based sentiment analysis is grow-
ing rapidly as researchers work to understand emotions and feelings from the
way people speak. This involves analyzing sound features like pitch, loudness,
and unique voice patterns to detect emotional cues [40]. Tools such as Mel-
frequency cepstral coefficients (MFCCs) and prosodic analysis help pull out
these features effectively [12]. To make sense of the data, machine learning
techniques, including SVMs and deep learning models like CNNs and LSTMs
are widely used for classifying emotions [41]. Publicly available datasets like
RAVDESS and IEMOCAP offer labeled voice recordings that support model
training and testing [42]. These systems are finding real-world use in areas such
as customer support, virtual assistants, and even mental health tracking [43].
However, challenges still exist, especially with noise in recordings or differences
in how individuals speak. That is why strong preprocessing steps are vital [44],
and combining audio with visual or text data, known as multimodal analysis,
can lead to better results [45].

3. Image-Based Sentiment Analysis: Image-based sentiment analysis uses
pictures to understand how people feel by looking at things like facial expres-

sions, textures, and the overall scene. Smart computer models, especially ones
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called CNN pick out important details from images to figure out emotions like
happiness, sadness, or anger. These systems often work even better when they
combine visual data with text or sound. But they also face some challenges,
like different ways people show feelings in different cultures, blurry images,
or parts of faces being covered. In real life, this technology is used in areas
like marketing, checking customer feedback, supporting mental health, and
improving how humans and computers interact. Before analyzing, the images
usually go through steps like finding faces or mapping emotions to improve ac-
curacy. Using models that are already trained, like ResNet or VGG, also helps
tailor the system for specific tasks. Still, it is important to think about pri-
vacy and avoid unfair treatment when using these tools. Looking ahead, there
is a push to make these systems lighter so they can run on smaller devices,
and to make them easier to understand and trust. In the end, this technology
helps computers better understand human emotions by learning from what
they see. A systematic review of deep learning approaches in medical imag-
ing, focusing on object detection tasks, was conducted by Zou et al. [46]. In
the context of image and video-based sentiment analysis, Agrawal et al. [§]
contributed valuable insights across multiple disciplines, advancing the field of
affective computing for emotion recognition. Similarly, Meena et al. [47] dis-
cussed applying deep learning techniques to image sentiment analysis. Visual
cues such as facial expressions and body language provide powerful indicators

of emotional states [48].

4. Video-Based Sentiment Analysis: Today, with the widespread use of
smartphones and other communication tools, a huge amount of video content is
being shared online [49]. Social media platforms like YouTube and Facebook al-
low people to create and share videos on many topics, such as product reviews,
movie opinions, politics, advice, and personal thoughts. These videos provide
a powerful way for individuals to express their views and connect with others.
As research in sentiment analysis continues to grow, relying only on text data
is no longer enough, especially for complex tasks like detecting aggression. To
get better and more complete results, it is also important to analyze images
and videos [50]. In video-based sentiment analysis, among the many actions
people perform, facial expressions play a very crucial role in conveying emo-

tions and understanding sentiments accurately. Facial expression recognition
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is a key component in video analysis for capturing human emotions [51]. There
are two main approaches: spatial methods and spatiotemporal methods. Spa-
tial methods analyze each video frame independently to identify facial features,
while spatiotemporal methods examine how expressions change over time by
looking at the relationship between consecutive frames [52, 53|. The founda-
tional work by Ekman and Keltner [54] demonstrated that facial expressions
are universal, providing a strong basis for emotion recognition. Early studies
by Chen et al. [55] and De Silva et al. [56] combined visual and audio data to
improve emotion detection. The videos serve as rich repositories of multimodal
information. Beyond visual content, they include acoustic signals and textual
elements, such as spoken language and subtitles, which together capture the
full range of communication cues and nuances essential for comprehensive anal-

ysis.

5. Multimodal-Based Sentiment Analysis: To overcome these limitations,
multimodal sentiment analysis has emerged as a more comprehensive alter-
native. By incorporating various data types such as text, images, and audio,
multimodal systems [57, 58| sentiment analysis, aiming to harness the diverse
and often distinct information from multiple sources to enhance system effi-
ciency. Multimodal sentiment analysis involves the utilization of various com-
binations of three modalities, such as ‘text-and-audio’, ‘text-and-image’, and
‘audio-and-image’. A system employing two modalities is called a bimodal
sentiment analysis system, while a system incorporating all three modalities is
termed a trimodal sentiment analysis system. However, the process of deter-
mining the most effective approach remains a challenging endeavour. Multi-
modal sentiment analysis delves into two distinct aspects: intramodal dynam-
ics, referred to as View-specific dynamics, and intermodal dynamics, known
as Cross-view dynamics [59]. Researchers have explored various methods to
integrate information from different modalities in this pursuit. Intramodal dy-
namics, also known as view-specific dynamics [60], refer to interactions within
a single modality, independent of others. For example, this includes analyzing
how words relate to each other within a single sentence. In the context of lan-
guage processing, especially when applied to multimodal sentiment analysis
involving spoken language, capturing intramodal dynamics presents a unique

challenge. Unlike written text, spoken opinions are often fragmented and less
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structured. Consider a spoken phrase like, “I think it was alright... Hmmm...
let me think... yeah... no... ok yeah.” Such expressions, filled with pauses,
hesitations, and shifts in thought, are rarely seen in written form, making
their analysis significantly more complex. On the other hand, intermodal or
cross-view dynamics focus on how different modalities, such as audio, text,
and visual cues, interact. These interactions are typically classified into syn-
chronous and asynchronous [61]. Synchronous dynamics occur when cues from
different modalities align in time, for instance, when a person smiles while
saying a positive word. In contrast, asynchronous dynamics involve cues that
appear at other times, such as someone laughing a few moments after making
a humorous remark. The multimodal systems that combine text with visual
or auditory inputs have been discussed in [57]. The model in [62] detects the
emotions instead of only polarity with multimodal data from different sources.
The analysis type selection depends on the needs of the application, data
available, and the preferred level of detail of insights to be performed in [34].
Additional hurdles include domain adaptation, where models trained in one
context underperform in another; multilingual analysis, especially for under-
resourced languages; and integrating multimodal data that combines text with

images or audio [57].

The research challenges of these multimodal SA are (i) ethical considerations,
such as privacy concerns, dataset bias, and the misuse of sentiment analysis
technology, have also emerged as critical areas for research and regulatory fo-
cus [63]. (ii) Moreover, dealing with incomplete data where one or more modal-
ities may be missing is a significant hurdle. Developing effective methods to
process and analyze such incomplete multimodal input remains a considerable
research challenge. (iii) In multimodal sentiment analysis, finding effective
ways to model intramodal relationships within each modality while also deter-
mining the best strategy to integrate features across modalities. This delicate

and complex balance requires thoughtful design and innovative techniques [64].

Tools applied in Sentiment Analysis: Here, classification and analysis of senti-
ment analysis are performed using tools such as machine learning and deep learning

approaches (see lower part of Fig. 1.3)
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1. Machine Learning: The machine learning based recognition system has two
significant components apart from the preprocessing step, feature extraction,
and the classification of the features. In the literature, there are different fea-
ture extraction (or presentation) methods and varieties of classification tech-
niques. We may select one feature representation and one classifier as we
wish; that is, there is some sort of independence in the selection of feature

representation and classifier selection.

Under the machine learning based approach, a developer has options, and we
can select the feature extraction method or classification technique. It seems
that manually we can select, so we refer to the methods that follow this pipeline
as Hand Crafted System.

2. Deep Learning: In a deep learning based model, the model first computes
the feature and then does the classification. These two steps will be executed
under a single umbrella. We are not free to choose the feature representation
and classification tools for the underlying architecture. If we want to do so,
then we need to apply a new architecture. This type of model may be referred

to as a Deep Learning System.

1.3 Pain Sentiment Analysis

The earlier sections discussed different types of sentiment. Among them, pain senti-
ment is especially important for improving modern smart healthcare systems. Pain
sentiment is more important than other types of sentiment because it has a direct
effect on diagnosing health problems, choosing the right treatment, and keeping
patients safe, especially for those who cannot express their pain. In addition, mea-
suring pain accurately with the help of technology allows doctors to decide treatment
plans that are more suited to the needs of each person, which is a key goal of future
healthcare systems. This section explains how a pain analysis system is designed and
developed, which is the main focus of this thesis. Pain is a disagreeable sensation
that can be physical or emotional [65]. It occurs when there is harm or a threat to
the body and serves as an indication. Pain is related to feelings because the way

we feel can influence how we perceive pain (for example, anxiety increases pain,

12



Chapter 1. Introduction

but relaxation decreases pain [66]). Furthermore, chronic pain has the potential to
generate aversive emotions such as sadness or frustration. Methods of measuring
feelings can identify emotions associated with pain through attention to words ex-
pressed (e.g., ‘agonizing’ or ‘unbearable’), voice modulations (e.g., strained voice),
or facial responses (e.g., grimacing [53]). This is useful for constructing models that
relate individual pain accounts to objective emotion measures for better assessment
and treatment. Sentiment analysis systems for pain are an advanced application of
affective computing that automatically identifies, categorizes, and measures pain ex-
pressions from text, audio, and image data [3]. Such pain sentiment analysis (PSA)
systems process patient-created content like clinical notes, pain diaries, and social
media updates to determine subjective pain experience, usually applying natural lan-
guage processing methods to discover pain descriptors (e.g., ‘burning’, ‘throbbing’),
intensity measures (e.g., numerical rating scales), and emotional valence (e.g., ‘frus-
trating’, ‘debilitating’) [67]. Fig. 1.4 shows an overall framework of a pain sentiment

analysis system, and the individual modules are already discussed.
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F1GURE 1.4: Block diagram of a Pain Sentiment Analysis System.

Pain sentiment includes: (i) text-based automatic recording of pain and its connec-
tion with mental health using machine learning tools that can understand both clear
mentions of pain and hidden signs of stress in language; (ii) audio-based detection

of pain in patients who cannot speak, by analyzing voice patterns that show signs of
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stress in the nervous system; (iii) image-based tracking of facial expressions related
to pain and checking for swelling using thermal images, which show heat changes
linked to inflammation [60]; and (iv) video-based monitoring of small changes in fa-
cial movements to study face muscle problems with high accuracy [68]. When these
different types of signals are combined to form (v) multimodal-based pain detection,
they help turn the personal and often hard-to-measure experience of pain into clear,

measurable information.

1.3.1 Text-Based Pain Analysis

Text-based pain signals [69] are important indicators of the pain experience of an
individual. These include explicit pain-related terms (e.g., ‘throbbing’, ‘stabbing’),
frequent use of negative emotional language, and subtle features such as pronoun
usage and speech disfluencies like hesitations or pauses. When analyzed, text-based
sentiments are well characterized in terms of quantification and assessment of pain
levels [70]. Variations in sentiment analysis are the differences in levels and ap-
proaches to measuring emotional tone and opinion, from general document-level tag-
ging (estimating overall sentiment in a document) to granular sentence-level analysis
(differentiating between subjective and objective content) and aspect-based senti-
ment analysis (focusing on sentiments about particular entities or characteristics).
Apart from this, textual sentiment may not align with visual cues, so extracting
meaningful features from each modality that contribute to overall emotional under-
standing is critical. In text-based pain detection, textual data plays a crucial role
in capturing emotional cues. This process begins with preprocessing steps, includ-
ing noise removal, tokenization, and normalization. Subsequently, feature extrac-
tion techniques such as Bag-of-Words (BoW), Term Frequency-Inverse Document
Frequency (TF-IDF), and word embeddings are employed to identify key sentiment
indicators. These features are then input into machine learning classifiers (e.g., Sup-
port Vector Machines, Random Forests) or deep learning architectures (e.g., Long

Short-Term Memory Networks, Transformers) to perform pain classification.

In text-based pain recognition, there are several difficulties in processing and inter-
preting text-based pain, such as subjectivity and variability in individual descrip-

tions, which makes standardization challenging; ambiguity and context dependence,
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which can result in misinterpretations of the nature or intensity of pain; limited
expressiveness and data scarcity because patients may use incomplete descriptions

or limited vocabulary.

1.3.2 Audio-Based Pain Analysis

Pain can be measured through detectable changes in speech and breathing patterns,
known as vocal and respiratory pain signals. Vocal pain signals include increased
tension, pitch variability (jitter), and altered speech rhythm or articulation [71],
while respiratory pain signals involve shallow breaths, irregular pauses, and strained
inhalation or exhalation [72]. These biomarkers reflect physiological stress responses,
such as voice instability (shimmer, harshness) and altered respiratory-phonatory co-
ordination, indicating pain-induced autonomic and muscular effects. Audio-based
analysis can complement traditional pain assessments, particularly for non-verbal
patients. The audio-based PSA Systems processes audio data by first applying
noise reduction using a Kalman Filter. Usually, three types of features are used
in audio-based analysis: statistical features for temporal and spectral changes [73],
Mel-Frequency Cepstral Coefficients (MFCCs) for spectral properties [11], and spec-
tral features for frequency domain patterns [74]. These features are evaluated using
two classification approaches: (1) conventional machine learning models applied to
each feature set individually, and (2) a Fully Connected Network (FCN) trained on
combined features to assess whether integration improves pain classification perfor-
mance. Cutting-edge models such as Wav2Vec 2.0 are pushing the boundaries of
what is possible in this space [75], although it is important to keep in mind ethical
issues such as bias in training data [76]. Looking ahead, there is a strong focus on

making these systems work well in different languages and cultures [77].

The challenges of audio-based pain signals include the following: the need for large,
diverse datasets to train robust models, which are often scarce due to privacy con-
cerns and the sensitive nature of pain-related audio recordings; the difficulty of accu-
rately distinguishing pain-related sounds from other emotional or physical sounds,
which could result in misclassification; and the variability in vocal expressions of
pain across individuals and cultures, which makes standardization difficult. It can

also be challenging to identify pain-specific audio patterns, as variations in voice
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characteristics are influenced by factors such as age, gender, accent, speaking style,
and emotional state. Few high-quality, labeled audio datasets are available for pain
identification, and it is complex and subjective to accurately annotate pain levels

from audio alone.

1.3.3 Image-Based Pain Analysis

The static visual signal, such as facial images, can reveal different expressions of
pain, such as brow lowering, eye tightening, or nose wrinkling [78]. These subtle ex-
pressions are the result of specific movements of facial muscles and serve as reliable
indicators of pain intensity. Unlike prolonged emotional expressions, pain-related
facial cues typically appear involuntarily and last only 0.5 to 4 seconds after the
onset of pain, making them particularly useful for rapid screening in clinical en-
vironments [79]. Automated vision systems can detect these signs by monitoring
facial regions and identifying relevant Action Units (AUs), thus supporting tradi-
tional pain assessment techniques. An input image is preprocessed to extract and
improve the facial region in image-based pain detection systems. To identify and
measure the degree of pain, this preprocessed face image will be analyzed. Inter-
pretable insights into muscle activity related to pain are provided by hand-crafted
features, such as those based on Facial Action Units. They are more transparent
and reliable because they align with accepted biomechanical and psychological con-
cepts. In addition, deep learning techniques such as Vision Transformers and CNNs
train advanced high-level features that capture complex visual patterns, thereby

improving the precision and robustness of pain intensity detection.

In image-based pain detection, facial expressions face several challenges, including
noise in the data, motion blur, and both macro- and micro-expressions of facial re-
gions, as well as data imbalance across different pain classes. Additional difficulties
arise from variability in facial expressions between individuals and cultures, which
complicates the development of universally accurate models. Factors such as light-
ing, camera angle, and image quality can impact visibility and interpretation of pain
indicators. Moreover, the subtle and transient nature of some expressions related
to pain increases the risk of misclassification or missed cues. Ethical and privacy

concerns also arise when capturing and analyzing facial images for pain assessment,
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further complicating the deployment of such systems, which is a more challenging

concern than text and audio-based pain signals.

1.3.4 Video-Based Pain Analysis

The dynamic visual pain signal, such as those captured in facial video sequences,
reflects how facial and bodily movements change over time, revealing when pain
begins, how long it lasts, and how its intensity fluctuates. Examples include furrow-
ing the brows or pursing the lips in response to discomfort [80]. These time-based
signals reveal specific pain-related patterns, including synchronized muscle move-
ments and protective behaviors, such as guarding an injured area. Advanced video
analysis techniques can track dynamic features, such as the rate of facial changes
and the interaction of action units, to distinguish between acute and chronic pain
conditions [81]. Compared to static images, this dynamic approach offers richer clin-
ical insights by capturing real-time expressions and behavioral cues associated with
pain. For each patient, video sequences of facial expressions are analyzed to assess
the intensity of pain. Individual frames are first preprocessed after detecting and
cropping the facial regions. The features extracted from these preprocessed frames
are then concatenated to create a comprehensive feature representation. This final
representation is passed through fully connected neural networks for classification,
creating a unified pipeline that integrates feature extraction, fusion, and classifica-
tion. The deep learning-derived features used for video-based pain detection often
outperform traditional hand-crafted ones due to their ability to capture high-level
representations automatically. With the rapid advancement of deep learning, partic-
ularly in solving complex visual problems, these techniques have become increasingly

effective and reliable.

In terms of image-based pain signal challenges, video-based pain signals also suf-
fer from similar types of challenges, including the variability of video sequencing
length. The short-duration videos may not capture the high pain intensities, while
the longer-duration videos may contain more or less similar patterns of various pain

intensities that might be difficult to distinguish.
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1.3.5 Multimodal-Based Pain Analysis

In multimodal pain analysis, digital sentiment serves as a computational indicator of
emotional and physiological states of a person by integrating diverse data streams.
These include text (e.g., lexical sentiment patterns and implicit linguistic markers
such as word usage [82]), audio (e.g., vocal biomarkers like pitch variation and speech
rhythm for detecting stress [83]), images (e.g., facial action units like brow furrowing
that reflect pain intensity [84]), and video (for example, monitoring dynamic micro-
expressions across time to capture pain responses [19]). These multimodal indicators
translate subjective pain experiences into objective, quantifiable data, enabling ma-
chine learning systems to support pain assessment, mental health monitoring, and
precision diagnostics while also addressing challenges such as privacy, clinical valida-
tion, and variability in populations. Advanced systems often rely on domain-specific
lexicons and ontologies to interpret the nuanced vocabulary of pain as it varies across
conditions and demographic groups [85]. In audio-based sentiment recognition, key
features such as pitch fluctuations, voice instability, and vocal stress are particularly
informative in identifying non-verbal expressions of pain. For image-based analysis,
visible facial cues such as furrowed brows, wrinkled noses, and puffed lips act as
crucial indicators of discomfort [66]. Moreover, examining how these expressions
change over time is critical for video-based analysis, providing insight into the tem-
poral dynamics of pain. Machine learning and deep neural networks, trained on
labelled clinical datasets, have demonstrated strong performance in distinguishing
between acute and chronic pain expressions while accounting for individual differ-
ences in how pain is reported [86]. In this thesis, multimodal pain detection refers to
the process where each modality is employed independently to build pain prediction
models, enabling an evaluation of the respective strengths and limitations of these
modalities for the PSA Systems. Then, the outcomes of each modality are combined
to obtain the result for the multimodal PSA Systems.

However, ongoing challenges include handling linguistic variability, accommodating
cultural differences in expression, and ensuring computational models remain both
clinically relevant and efficient [87]. Emerging applications range from real-time
monitoring of postoperative patients to long-term tracking of chronic pain, with the
potential to make pain assessments more objective and complementary to traditional

clinical evaluations [88].
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The simultaneous multimodal data may not always be available. They could be
highly dependent on environmental conditions, such as lighting for video, back-
ground noise for audio, or network limitations for real-time streaming, which can
affect the reliability and completeness of pain assessment. Ongoing research and sys-
tem development actively address ethical concerns related to patient privacy, data

security, and potential biases in pain assessment algorithms [89].

1.3.6 Hand-Crafted Features and Classifiers

We classify the sentiment analysis systems as Hand-Crafted systems and Deep Learn-
ing systems, considering the tools (machine learning / deep learning) they have used.
We discuss this categorization in the paragraph ‘Tools applied in Sentiment Analy-
sis” of Section 1.2. First, we discuss some standard feature extraction methods and

then some machine learning classifiers.

1.3.6.1 Hand-Crafted Feature Representations

Hand-crafted features are extracted from raw data to capture domain-specific pat-
terns, and they have played a crucial role in machine learning across text, audio,
and image analysis. In text processing, techniques such as Bag-of-Words [90] and
TF-IDF [91] convert unstructured language into numerical vectors, enabling tasks
like sentiment analysis and spam detection. For audio, features such as RMS en-
ergy [92], MFCCs [11], and spectral centroid [93] summarize acoustic characteristics,
supporting applications like speech recognition and music classification. In image
analysis, methods such as HOG [13] and LBP [94] encode textures, shapes, and edges
essential for object detection and facial recognition. These features are highly inter-
pretable, efficient, and perform well even with limited training data, making them
ideal for real-time systems or cases where model transparency matters. Although
deep learning has shifted its focus toward automatically learned features, hand-
crafted features remain valuable due to their reliability in low-data environments,
computational simplicity, and utility as benchmarking baselines. Ultimately, they
bridge raw data and machine learning models, transforming unstructured inputs into

structured, informative representations that boost model performance across various
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domains. Some of the hand-crafted features are discussed below. We discussed only

those feature extraction methods that are used in this thesis.

e Bag of Words (BoW): It is a simple yet powerful technique in natural lan-
guage processing (NLP) that converts text into numerical vectors by counting
the frequency of each word in a document [90]. It ignores grammar and word
order, treating each document as a collection of individual words. BoW is
widely used in tasks such as text classification, sentiment analysis, and spam
detection due to its ease of use and efficiency. One of its main strengths is that
it transforms messy, unstructured text into a format that machine learning
models can process efficiently. It is also highly interpretable—word frequen-
cies clearly show which terms dominate a document. However, BoW does not
understand word meaning or context and treats all words equally, which can
be a drawback. Without preprocessing, common words like ‘the’ or ‘and’ may
drown out more informative ones. It can also produce large, sparse matrices
when working with large vocabularies, which impacts performance. Despite
its limitations, BoW remains a reliable baseline in NLP, particularly for small
datasets or when quick results are required. With enhancements like n-grams,
it can even capture some local word patterns, making it more flexible for basic

language tasks.

e Term Frequency - Inverse Document Frequency (TF-IDF): This is
a more sophisticated alternative to the basic Bag-of-Words (BoW) model for
representing text. Unlike BoW, which only counts word occurrences, TF-IDF
considers how important a word is in a document relative to how common it
is across the entire corpus [91]. Tt achieves this by combining term frequency
(TF) with inverse document frequency (IDF), thereby reducing the weight of
common words like ‘the’ while boosting more unique and meaningful terms.
This makes TF-IDF highly effective in tasks such as search engines, document
classification, topic modelling, and clustering. Because it emphasizes keywords
that matter, TF-IDF often produces better features for machine learning than
Bag-of-Words (BoW). It also allows for customization through various scaling
strategies, making it adaptable for diverse applications. However, like BoW,
TF-IDF does not understand word order or meaning, which can limit its use

in context-heavy tasks. Still, it is a strong go-to for many NLP pipelines,
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particularly in the early stages of feature extraction. TF-IDF is often com-
bined with other methods, such as word embeddings, to enhance performance
further. Despite being slightly more complex and computationally demanding
than BoW, its ability to strike a balance between simplicity and effectiveness

has made it a staple in modern text analysis.

e Statistical Feature: It is a fundamental category in audio analysis, and this
thesis focuses on Root-Mean-Square (RMS) energy [92] as a representative
feature. RMS energy is widely used to measure the average power of an au-
dio signal, providing a reliable sense of loudness over time. It is calculated
by squaring each audio sample, averaging them, and then taking the square
root, offering a smoothed measure that reflects sustained loudness rather than
brief peaks. Unlike peak amplitude, which only captures sudden spikes, RMS
energy aligns better with how humans perceive sound intensity. Its simplic-
ity makes it computationally efficient, enabling real-time use in systems like
hearing aids or voice-activated devices. RMS energy is commonly applied in
speech activity detection, music volume balancing, and audio normalization.
In speech processing, it helps differentiate between silence and active speak-
ing, while in music, it supports consistent playback levels. However, it only
captures amplitude information, not frequency details, so it is often paired
with spectral features for richer analysis. Despite this limitation, RMS energy
remains a go-to feature for audio segmentation tasks and dynamic audio ad-
justments. Its balance of simplicity, efficiency, and practical relevance makes

it a reliable tool in both everyday and specialized audio applications.

e Mel-Frequency Cepstral Coefficients (MFCCs): These features are among
the most widely used features in audio signal processing because they closely
mimic how humans perceive sound [11]. MFCCs transform raw audio into a
compact set of numbers that capture the power spectrum of a signal. This
process involves applying a Fourier Transform, mapping frequencies onto the
Mel scale (which reflects human pitch perception), and then using a Discrete
Cosine Transform to produce a clean set of coefficients. These features are par-
ticularly valuable in speech and music tasks because they highlight the parts of
the audio to which our ears are most sensitive. Their resistance to background

noise makes them ideal for applications such as voice recognition, speaker
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identification, and smart assistants. MFCCs are also efficient, providing rich
information in a reduced form that simplifies machine learning models with-
out sacrificing performance. Despite their strengths, they may struggle with
rapidly changing sounds and require fine-tuning for optimal results. Enhance-
ments like delta and delta-delta coefficients can capture changes over time,
improving performance in dynamic audio environments. MFCCs continue to
be widely used in various applications, ranging from music genre classification
to forensic analysis, due to their balance of simplicity and accuracy. Even with
the rise of deep learning, MFCCs remain a trusted, go-to tool in audio analysis

due to their proven effectiveness and efficiency.

e Spectral Feature: This refers to frequency-domain characteristics of audio
signals, and among the many types—such as spectral roll-off and spectral
bandwidth—this thesis focuses on spectral centroid. The spectral centroid [93]
gives us an idea of the ‘brightness’ of a sound by calculating the weighted
average of frequencies, with the weights based on their magnitudes. Essentially,
it indicates where most of the energy in the signal is located: higher centroids
suggest a sharper or brighter tone, while lower ones point to a darker, more
mellow sound. This feature is especially useful in music analysis, as it helps
differentiate between instruments or genres based on tone. For example, a
violin often has a higher spectral centroid than a bass guitar due to its brighter
timbre. One of its biggest strengths is that it is easy to compute and interpret,
which makes it practical for real-time systems. You'll often find it used in tasks
like music information retrieval, sound classification, and audio segmentation.
However, on its own, the spectral centroid may not be sufficient in complex
scenarios, so it is commonly combined with features like MFCCs or spectral
bandwidth. Despite this limitation, it remains valuable because it links raw
signal data to how we naturally perceive sound. Its speed and simplicity make
it a staple in modern audio analysis, particularly where tonal quality is a

concern.

e Local Boundary Pattern (LBP): This feature is a very well-known and
robust technique for texture identification from images. Previously, the LBP
technique was used to fulfill the necessary measures of image contrast in the

local scope [94]. In the current scenario, the modification of image texture and
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the use of local primitives, such as the LBP technique, are widely employed.
The working principle of the LBP operator is as follows: First, consider an
input image I and label every pixel with the help of a threshold value. Now,
select a particular pixel as the central pixel and consider a 3 x 3 neighbourhood
around it. Perform a comparison between each of the 3 x 3 neighbourhood
pixel values and central pixel values. Each cell value in the neighbourhood
is labelled with 0 or 1, depending on whether the cell value is less than or
greater than that of the central value. Following this approach, binary bits
will be generated based on the consideration of a bit string. This binary string
gives a local pattern of LBP codes computed for the entire image. Each LBP
code for the whole of the input image I is considered as a micro-texton, and

using these textons, a 256-bin histogram is prepared.

e Histogram of Oriented Gradients (HOG): This feature primarily retains
shape and texture-oriented information [13]. Furthermore, it has been success-
fully used for human detection and is now efficiently applied for improved face
recognition. The HOG [95] technique has similarities with the SIFT method.
HOG feature techniques are determined using block-wise orientation, aided
by Sobel edge detectors, to measure horizontal and vertical gradient details.
These details play a crucial role in determining whether the orientation of fea-
ture representation and magnitude information correspond to an image. This
feature extraction technique considers an image size 128 x 128, then computes

an 81-dimensional feature vector.

These Hand-Crafted feature extraction techniques are applied to extract features
from the data. The extracted features are then used to train various machine learn-
ing classifiers and evaluate their performance. Now, we are going to present some

classifiers that are used in this thesis.

1.3.6.2 Machine Learning Classifiers

In this thesis, the following machine learning classifiers have been employed to ana-

lyze the pain level from the hand-crafted features.
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e k-Nearest Neighbors (kNN): This is a simple yet effective method used
for classification tasks. As a non-parametric, lazy learning algorithm, kNN
does not build a model during training. Instead, it stores all training data
and makes predictions by measuring distances, typically Euclidean, between
the new input and all stored samples [26]. kNN decides the class of a new
data point by looking at the ‘k’ closest neighbours and assigning the most
frequent label among them. Its ease of implementation and intuitive logic
make it a popular choice for prototype-based learning. However, its predic-
tion speed slows down as the dataset grows because it must compute distances
to every point in the training set. Choosing the right value for k is crucial:
a small k might lead to overfitting, while a large k can introduce bias. Ad-
ditionally, because the algorithm is distance-based, proper feature scaling is
essential, and irrelevant features can degrade its performance. kNN handles
multiclass classification naturally, requiring only minor modifications. It per-
forms well in low-dimensional settings but struggles in high-dimensional ones
due to the curse of dimensionality. Various distance measures (like Manhattan
or Minkowski) can be used depending on the data. kNN is widely used in areas
such as recommendation systems, pattern recognition, and anomaly detection.
To make it efficient on large datasets, indexing structures such as KD trees
are often used. Despite its simplicity, kNN remains a competitive choice for

many real-world problems with complex or irregular decision boundaries.

e Logistic Regression (LR): This is a foundational algorithm used for pre-
dicting binary outcomes. It models the probability that a given input belongs
to a particular class using the logistic (sigmoid) function to map a linear com-
bination of features to a value between 0 and 1 [24]. The model is trained
using maximum likelihood estimation, often optimized via gradient descent,
to minimize the cross-entropy loss. One of the strengths of logistic regres-
sion is its interpretability: each coefficient directly influences the log odds of
the outcome, making it particularly useful in fields such as healthcare and
finance for risk estimation. Regularisation methods, such as L1 (Lasso) and
L2 (Ridge), are frequently applied to prevent overfitting and perform feature
selection, particularly in high-dimensional datasets. While it assumes a linear
relationship between input features and the log odds of the target, this limita-

tion can be addressed through feature engineering or kernel tricks. Although it
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is designed for binary classification, logistic regression can handle multi-class
tasks using strategies such as one-vs-rest or softmax regression. It scales well to
large datasets and is computationally efficient. Even today, logistic regression

remains a reliable and interpretable baseline for many classification problems.

e Support Vector Machine (SVM): This is a powerful supervised learning
model that aims to find the best decision boundary—or hyperplane—that sep-
arates data into classes with the maximum possible margin [96]. What makes
SVM distinctive is its reliance on a small subset of critical training examples,
called support vectors, to define this boundary, which improves memory effi-
ciency. For datasets that are not linearly separable, SVM uses kernel functions
to map the input features into a higher-dimensional space where a separating
hyperplane may exist. Standard kernels include polynomial, radial basis func-
tion (RBF), and sigmoid, each of which is suited to different data patterns. The
regularisation parameter (C) balances the trade-off between maximising the
margin and minimising classification errors. SVMs are particularly effective in
high-dimensional spaces and scenarios where the number of features exceeds
the number of samples, such as in text or genomic data. SVMs generalize
well due to their maximum-margin principle, which helps avoid overfitting.
They can also be adapted for multi-class classification using strategies like
one-vs-one or one-vs-all. However, SVMs require careful selection of kernel

and parameters, and training time can be substantial for very large datasets.

e Decision Tree (DT): This is an intuitive model that mimics human decision-
making by using a flowchart-like structure of conditional statements. It works
by recursively splitting the dataset into subsets based on feature values, aiming
to reduce impurity at each step [25]. The algorithm selects features to split
on by optimizing criteria such as information gain (based on entropy) or Gini
impurity. One of the key strengths of decision trees is their ability to handle
both numerical and categorical data without requiring extensive preprocessing
or normalization. Because of their visual nature, decision trees are easy to
interpret and explain. They can model non-linear relationships and capture
interactions between variables through their branching structure. However,
they are sensitive to small changes in the data, which can lead to significantly

different trees—a phenomenon known as high variance. To combat overfitting,
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pruning techniques (such as reduced error pruning) are used to simplify the
tree after it has been built. Despite their limitations, decision trees are widely
used and form the foundation for more advanced ensemble models, such as

random forests and gradient boosting.

e Random Forest (RF): This is a robust and widely used ensemble learn-
ing method that improves upon decision trees by combining multiple decision
trees into a single predictive model [97]. Each tree in the forest is trained on a
different bootstrap sample of the data (i.e., sampling with replacement), and
during training, only a random subset of features is considered at each split.
This randomness helps decorate the trees and reduce overfitting. For classifi-
cation, the final output is determined by majority voting, and for regression, it
is the average of all tree outputs. Random forests are known for their stability,
high accuracy, and ability to handle high-dimensional data and noisy features.
The model provides built-in methods for estimating feature importance, which
helps to understand the behavior of the model. It also scales well and sup-
ports parallel training, making it suitable for large datasets. While random
forests are less interpretable than individual trees, they usually perform better
and are more resilient to overfitting. Random forests are frequently applied
in domains such as bioinformatics, finance, and environmental modelling. As
‘off-the-shelf” models, they require minimal tuning and preprocessing, offering

excellent performance with little hassle.

1.3.7 Deep Learning Features and Classifiers

Deep learning-based schemes are hybridized methods that encapsulate feature rep-
resentation along with fully connected network-based classifiers with optimized ac-
tivation functions. The following hybridized deep methods have been developed and

employed in the proposed PSA Systems of this thesis.

e Convolution Neural Networks (CNNs:) Over time, it has been observed
that these proposed feature extraction techniques mainly suffered from two
types of problems: too over-engineered or too general as a result of that design-

ing process of the filter becomes hard to generalize or too simple. To overcome
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these situations, some feature learning techniques have been proposed. Using
these feature learning techniques, all the relevant and available features from
the images are extracted automatically, which replaces the efforts of manual
feature engineering. Neural networks are there to help in feature learning with
Multi-Layer Perceptron (MLP). There exist various drawbacks in MLP. For
RGB images, the perceptrons are used by MLPs, and as a result, the weight
amount within the network becomes unhealable within a short period. An-
other common problem of MLP is they are translation variants; thus, reactions
of MLP to an input image and its shifted version is different. In the case of
CNN mainly various kinds of filters are applied to capture relevant image fea-
tures with the help of convolution operation. This convolution operation takes
place throughout the image, and the filter is shifting pixel by pixel, starting
from the top-left corner to the bottom-right corner [98]. With the extracted
feature for any particular object within an image, the filters always guide how
strongly a particular object can be found within the image. In that context,
the location of the object and how many times the object appears within the
image the performance does not get affected. In CNN, various layers are used,
such as convolution, pooling, fully connected, and dense layers during the fea-
ture representation of an image [99]. Each CNN architecture consists of several

layers, as outlined below:

(i) Convolutional Layer: In this layer, a convolution operation is performed
on the input image (denoted as I') using a mask or kernel of size ¢ xt. The
result is a set of feature maps, denoted as Z. The convolution process
involves sliding the kernel over the input image I and applying a non-
linear function at each position. For each position, element-wise matrix
multiplication is carried out, and the results are compiled into a feature

map, corresponding to the central portion of the mask pattern. The
operation is defined as follows: ZUM = Re LU (WM 4 [ 4 pliiM]),

— M denotes the convolutional layers in the proposed CNN architec-
tures.

— WHIM represents the weights of the M-th convolutional layer.

— * signifies the convolution operation.

— blIIM] yepresents the biases of the M-th convolutional layer.
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(ii) Max Pooling Layer: This layer is designed to enhance the performance of
the CNN architecture by applying max-pooling, a technique that calcu-
lates the maximum values within segments of a feature map, leading to
down-sampled feature maps. Max-pooling offers benefits such as uniform
translation and reduced computational overhead, while also improving the
selection of distinctive features from the input image /. The max-pooling
operation is defined as: PUM] = Max Pooling(ZWM] poolsize = (2,2)).

(iii) Batch Normalization Layer: Batch normalization helps stabilize gradients
during training, making it easier to use higher learning rates and improv-
ing the overall performance of image classification tasks [100]. It reduces
the impact of parameter scale or initialization problems. For a layer [ in

the CNN; the following batch normalization equations are applied:

— First, compute the mean and variance over the mini-batch: p =

) D piML 52 L S (PP )2 where m is the batch size,

Pim M} s the activation of the i-th sample in the mini-batch, w is the
mean, and o? is the variance.

_ Normalize the inputs: (PPMy= 208 Gheree | Il constant

ormalize the inputs: (P") = =-=—=, where ¢ is a small constan

added to avoid division by zero and enhance stability.

— Scale and shift the normalized inputs: Y;m M — Y (Pi[l] [M]) + 3, where

Yim M} is the normalized and scaled output, F is the shifting param-
eter, and v is the scaling parameter learned during training. Both
[ and v are updated via backpropagation along with other network

parameters.

(iv) Dropout Layer: Dropout is a regularization technique used in CNNs to
prevent overfitting. During training, a fraction of neurons are randomly
deactivated, which forces the network to learn more robust and gener-
alized features. By reducing the interdependence between neurons, the
dropout layer enhances the generalization ability of the model, improving

performance on unseen data.

(v) Flatten Layer: This layer connects the convolutional layers to the fully
connected layers in the CNN architecture. It reshapes the multi-dimensional
feature maps into a one-dimensional vector, making them compatible with

the fully connected layers. This transformation enables the network to
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capture higher-level patterns and correlations for tasks like classification

and decision-making.

(vi) Fully Connected Layer: The fully connected layers play a critical role
in transforming the feature maps into isolated vectors for classification.
This step generates class scores and builds the final vector, whose size

corresponds to the number of class labels.

(vii) Dense Layer: The dense layer establishes the connection between the
input and output layers through the use of weights. The input to this
layer is the output from the flattening layer, denoted as F', and is defined
by the equation: AU = Activation(WHE F 4 plllE) “wwhere AUEL is the
output of the R-th fully connected layer.

(viii) Dropout Layer (within Fully Connected Layer): Dropout is also applied
within the fully connected layer to further regularize the model and pre-

vent overfitting.

(ix) Output Layer: The final classification task occurs in this layer. The Soft-
max activation function is used for classification, and the final output is
calculated as: Y = Softmaz(WIHI AU 4 pl+1) where AU is the input
from the fully connected layer, and Y is the final output of the classifica-

tion.

e Deep Attention Networks (DANSs): Attention mechanisms revolutionized
how machines process sequential and structured data by enabling models to
focus selectively on the most relevant parts of the input [101]. Unlike earlier
models that compress input into a single, fixed-size vector, attention provides
context-aware representations at each step of the output. The core idea is the

query-key-value mechanism:

(i) A query compares against a set of keys to compute attention scores.

(ii) These scores determine how much focus should be given to each value.
This approach allows the model to dynamically weigh different parts of the
input, improving its ability to handle long sequences and complex dependen-

cies. Attention became widely known through its use in transformer models
like BERT and GPT, which use a specific type called self-attention. Unlike

29



Chapter 1. Introduction

RNNs or LSTMs, transformers do not process data sequentially, making atten-
tion highly parallelizable and efficient, even with long-range dependencies. In
addition to NLP, attention has been successfully applied to Computer vision,
Multimodal learning, and Reinforcement learning. An advanced form called
multi-head attention allows the model to attend to information from multiple
perspectives at once, further enriching its understanding of the data. One of
the standout benefits of attention mechanisms is their interpretability. You
can often visualize attention weights to see which parts of the input most in-
fluenced the prediction of a model. This not only helps in debugging but also
builds trust in model decisions. While attention-based models usually require
larger datasets and more compute power, they offer unmatched flexibility and
performance across a wide range of Al tasks. They have become a cornerstone
of modern deep learning, offering a unified framework for building models that

are both powerful and adaptable.

e Long Short Term Memory (LSTM): LSTM is a type of recurrent neural
network (RNN) specifically designed to overcome one of the major limitations
of traditional RNNs—the vanishing gradient problem [102]. What sets LSTM
apart is its memory cell and a set of gating mechanisms that intelligently con-
trol the flow of information over time.LSTM has three key gates, first one is
the input gate decides how much of the new information should be written
into the memory cell, the second one is the forget gate decides what part
of the existing memory should be discarded, and the last one is the output
gate controls how the memory content is passed to the next time step. This
architecture enables LSTM to retain and update information adaptively, mak-
ing it exceptionally good at learning long-term dependencies across sequences,
something traditional RNNs struggle with. Thanks to these features, LSTMs
are well-suited for tasks involving sequential data such as language modeling,
speech recognition, time-series forecasting, and anomaly detection in sensor
streams. They are particularly effective when the context or signal from dis-
tant past events needs to influence the present decision. While LSTMs are
more computationally demanding than simple RNNs due to their gate oper-
ations, the performance payoff in modeling long sequences is often worth it.
Enhancements like peephole connections further refine their ability to man-

age memory based on internal states. Even though transformer models have
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become the new standard in many areas, LSTMs are still valuable, especially
in resource-constrained environments or when interpretability and efficiency
matter. Their modular nature also makes them easy to combine with other
networks, such as convolutional LSTMs for tasks involving spatio-temporal

data.

¢ Bidirectional LSTM (BiLSTM): BiLSTM enhances the basic LSTM struc-
ture by adding a second LSTM that processes the input sequence in the reverse
direction [103]. This means BiLSTMs can learn from both past and future con-
text, making them particularly powerful for understanding sequences where the
meaning of one element depends on what comes both before and after. In prac-
tice, BiLSTMs consist of two separate LSTM layers—one reading the input
forward and the other backward. Their outputs are then combined (typically
via concatenation or averaging) to form a more comprehensive representation
of the data. This dual-view approach has shown impressive results in natu-
ral language processing (NLP) tasks like named entity recognition, sentiment
analysis, and part-of-speech tagging, where context from both directions is
crucial for accurate prediction. However, BILSTMs have a trade-off: they re-
quire access to the entire sequence upfront, which makes them unsuitable for
real-time or streaming applications. Their larger size and computational cost
are usually justified by their higher accuracy in offline processing tasks. In
many cutting-edge systems, BiLSTMs are integrated with attention mecha-
nisms or Conditional Random Fields (CRFs) to further boost performance.
They’ve also found success beyond NLP in bioinformatics, for instance, by
modeling dependencies in protein sequences. Although transformers have be-
come more dominant recently, BILSTMs remain a strong choice for sequence
modeling when you need a good balance between performance, interpretability,

and contextual understanding.

1.4 Challenges of the Thesis

The challenging issues discussed above have led to the consideration of the following

problems in this thesis.
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1. Noisy Data: In pain sentiment analysis (PSA) system, any input that inter-
feres with the precise identification and interpretation of pain-related cues is
referred to as noisy data. This includes low-quality, inconsistent, misleading,
or irrelevant textual content in text-based PSA system. Background noise,
recording errors, or emotional vocalizations unrelated to the pain may dis-
tort acoustic elements in audio-based PSA system. Visual distortions that
obstruct important facial or body cues, such as blurriness, low resolution, fa-
cial shadows, and occlusions from hands, hair, glasses, or masks, can impact
image-based PSA system. Aside from motion artifacts, camera instability, po-
sition and viewpoint fluctuations, and non-expressive or ambiguous behavior
across frames, video-based PSA system have similar problems to image-based
systems. Furthermore, the visibility and interpretation of pain indicators are
significantly influenced by factors such as lighting, camera angle, and overall

image quality.

2. Cross Person Variability: Individual and modal diversity in PSA system
creates several issues. It is challenging to reliably interpret pain-related feel-
ings in text-based PSA system due to variations in how people express pain,
such as different levels of severity or aggressive language. The diversity in vocal
expressions among people, emotional states, and cultural backgrounds makes
it challenging to identify pain-related vocalizations in audio-based PSA sys-
tem. Individual emotional responses, ethnic diversity, and inconsistent facial
features, even within the same pain class, make it challenging for image-based
PSA system to generalize pain accurately. Variations in feature representation
techniques and model deployment methods further complicate the recogni-
tion of pain. These difficulties are exacerbated in video-based PSA system
by frame-level irregularities, varying video acquisition conditions, and varia-
tions in posture, lighting, and temporal consistency, all of which impact the

accuracy of pain detection systems.

3. Imbalanced Data: When data samples are not evenly distributed across
different pain intensity levels or classes—such as low, semi-low, moderate,
severe, and very high pain—biased models may be produced that perform
poorly on underrepresented classes and tend to favor the majority classes.

These class imbalances are frequently observed in datasets related to pain,
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which makes it challenging to classify pain fairly and accurately across all

severity levels.

4. Subjectivity in Pain Perception: Individual differences in how people ex-
press and experience pain make subjectivity in pain perception a major barrier
for text-, audio-, image-, and video-based pain detection systems. People use
a variety of terminology and emotional tones, influenced by their educational
and cultural backgrounds, to communicate pain in text-based systems. Varia-
tions in vocal emotions, where pain levels are influenced by personality, gender,
and cultural conventions, provide difficulties for audio-based systems. Differ-
ent facial expressions, such as micro to macro expressions, where pain cues
vary from person to person, are challenging for image-based algorithms to
interpret. Temporal variations and body language ambiguity in video-based

systems make it challenging to interpret pain across sequences accurately.

5. Feature Distinctiveness: In multimodal sentiment and pain analysis, one
key challenge is feature non-distinctiveness, where features extracted from dif-
ferent modalities or contexts fail to distinguish between sentiment or pain levels
clearly. This issue becomes more pronounced with the inclusion of fine-grained
sentiment scales (e.g., 1-5 ratings), multilingual or cross-lingual analysis, and
the integration of diverse modalities such as text, audio, and visual signals.
Furthermore, the detection of discrete emotional states (e.g., joy, anger) adds
complexity, as overlapping expressions across emotions and modalities may
reduce feature discriminability. The extent and type of variation introduced
in a system are typically guided by the goals of the application, the nature of

the data, and the level of analytical precision required.

6. Data Synchronization: Ensuring precise alignment across multiple physi-
ological signal modalities, including text, audio, pictures, and video, is chal-
lenging and prone to mistakes. In multimodal fusion techniques (such as early
or late fusion), synchronization is crucial, as any feature misalignment can
introduce noise and significantly impair model performance. The difficulty of
synchronizing data from many sources is made worse in low-resource environ-
ments due to poor hardware or software support. Furthermore, the fact that

datasets are gathered from a variety of contexts—with differing modalities,
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environments, subject characteristics, sample quality, and sensor configura-
tions—makes reliable data synchronization even more important for successful

multimodal integration.

7. Multimodal Models Integration: Training classifiers on high-dimensional
multimodal data poses a risk of overfitting, especially when the available
dataset is small. Effective integration of features during the fusion stage
requires advanced techniques to minimize redundancy while preserving the
unique contributions of each modality. The limited availability of labeled mul-
timodal pain datasets further restricts robust model training and evaluation.
Additionally, deploying multimodal pain sentiment analysis in real-time envi-
ronments demands high computational efficiency and rapid decision-making,
which can be challenging given the complexity and resource intensity of such

models.

1.5 Objectives of the Thesis

This thesis aims to design, develop, and study different pain sentiment analysis
systems based on different types of data using different tools. Also, design and
develop multimodal PSA systems by combining different types of data like ‘text-
and-audio’, ‘text-audio-and-video’, etc. We should integrate text, audio, image, and
video data to detect and classify pain intensity levels accurately. By addressing
these challenges, the study acknowledges and mitigates several important issues,
including noisy data, subjectivity in pain expression, data imbalance, non-distinctive
features, and the difficulty of synchronising data across modalities. This thesis has

the following objectives:

1. To apply reliable and effective data preprocessing methods to text, audio, im-
age, and video data with the goals of standardizing inputs, removing noise,
and lowering variability. This preprocessing will improve the overall quality
of the data, making it possible to extract discriminative and significant fea-
tures that enhance model generalization, lower computational overhead, and
help multimodal pain sentiment categorization perform more accurately and

consistently.
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2. To address the inherent subjectivity in pain perception, given that pain detec-
tion is essentially an open-class problem, the thesis attempts to apply adaptive
modeling techniques—such as transfer learning and domain adaptation—to op-
timize models based on subject-specific features. Furthermore, to create gen-
eralized models that can successfully account for individual and demographic
diversity in pain expression, a variety of training data involving participants

from different cultures, age groups, and genders will be incorporated.

3. To accept the challenges of feature non-distinctiveness, this thesis employs
novel feature representation schemes tailored to individual modalities—text,
audio, image, and video. Discriminative hand-crafted features, deep learning-
based representations, and advanced deep learning techniques are utilized to
extract meaningful and distinctive patterns from each modality. These meth-
ods are designed to enhance the separability of pain-related features while
effectively handling the inherent challenges in feature computation, such as
redundancy, noise, modality-specific variability, and overlapping representa-

tions.

4. To handle the challenges of data synchronization and multimodal integration
by ensuring accurate temporal and contextual alignment across diverse physi-
ological signal modalities—such as text, audio, image, and video—even under
low-resource settings. This thesis acknowledges the complexities arising from
heterogeneous data sources, sensor configurations, and acquisition environ-
ments and seeks to implement strategies that enable effective fusion. Again,
the integration of high-dimensional multimodal data, employing advanced fu-
sion techniques, will also facilitate real-time deployment and reliable perfor-

mance in multimodal pain sentiment analysis systems.

1.6 Contributions of the Thesis

To address the aforementioned challenges and research objectives, this thesis pro-
poses a series of pain sentiment analysis (PSA) models tailored to different data

modalities. These models incorporate both unimodal and multimodal approaches,
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designed to classify pain intensities accurately across various settings. The major

contributions of this thesis are summarized as follows:

e A text-based PSA system is developed where various preprocessing techniques
are applied to clean and standardize textual inputs. Both handcrafted and
deep learning-based feature extraction techniques are explored to improve the
distinctiveness of text-based cues. For both handcrafted and deep-learning
based feature extraction some robust method of feature extarction techniques
have been employed that addresses the challenges of noisy data, subjectivity in
pain perception, and feature non-distinctiveness in text modality. The hand-
crafted features are classified using machine learning classifiers, whereas the
deep learning techniques perform both feature extraction and classification of
text-samples. (Publications C2, J1)

e An audio-based pain detection system is proposed by preprocessing speech
data and extracting a combination of primary and secondary acoustic fea-
tures—such as pitch, energy, MFCCs, and spectral descriptors. These features
are modeled using machine learning classifiers, whereas the deep learning ap-
proaches integrates the handcrafted audio features to defined fully-connected
network based classifiers to capture individual variations in vocal pain ex-
pression and improve classification performance across emotional and cultural

contexts. (Publication: J4)

e The Image-based PSA models are introduced to detect pain from static fa-
cial visual cues. The models implement traditional handcrafted features, and
some deep learning based convolutional neural network architectures includ-
ing advanced techniques of feature learning and representations to identify
visual expressions indicative of different pain levels. This contribution ad-
dresses challenges like facial variability, occlusion, and lighting inconsistencies
in image-based PSA systems. (Publications: J1, J2, J3, C1)

e A video-based pain sentiment analysis system is designed to capture spatiotem-
poral variations in facial expressions and behavior using dynamic video se-
quences. Deep learning models are employed to extract temporal features
from frame sequences, improving pain intensity classification while address-

ing frame-level inconsistencies, motion artifacts, and synchronization issues.
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In this framework, novel PainCapsule models have been employed, which en-
hance the system’s ability to model temporal dynamics and feature locality,
making the PSA system more adaptive and accurate for pain detection in

complex video sequences. (Publications: J5)

e A multimodal pain sentiment analysis framework is developed by integrating
text, audio, and video data, where some fusion strategies are employed to syn-
chronize and combine modality-specific features while minimizing redundancy.
This approach enhances overall model performance and supports real-time de-
ployment in resource-constrained environments. The proposed system demon-
strates improved generalization and robustness in heterogeneous conditions by

utilizing complementary strengths of multiple modalities. (Communicated)

e A comprehensive evaluation is conducted to analyze the usability, limitations,
and discriminative capability of each individual modality. This analysis pro-
vides insights into the relative effectiveness of text, audio, image, and video
cues in detecting pain intensities. The findings contribute to the design of
adaptive models that can optimize modality selection based on available input

conditions and application requirements.

This thesis as a whole adopts multimodal, multi-instance, and multi-algorithmic
strategies to establish a robust framework for pain sentiment analysis. The proposed
PSA systems offer meaningful contributions toward real-time, automated, and in-
telligent pain recognition, with potential applications in healthcare monitoring and

affective computing.

1.7 Experimental Setup

This section details the experimental setup for implementing the proposed system,
the databases used for testing, and the resulting performance analysis and discussion.
The proposed Pain Sentiment Analysis System (PSAS) is implemented in Python
and runs on a Windows 10 machine with 16GB RAM and an Intel Core i5 processor
(3.20GHz). Various Python libraries are used, including NumPy, Keras [104], Ten-
sorFlow [105], and OpenCV. Specifically, TensorFlow and Keras implement the deep
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learning based CNN architecture. The purpose of the research is to identify pain
intensity levels by analyzing text-based sentiments, audio-based sentiments, image-
or video-based sentiments (facial expressions) of a subject have been considered to
differentiate pain intensity levels. The works in this thesis categorize sentiment into
three/five distinct pain classes. Theoretically, pain is defined as: (i) hyperacusis,
which is an increased sensitivity to common environmental noises that cause pain or
discomfort even at low decibel levels; (ii) phonophobia, a severe fear of loud noises,
often associated with physical discomfort and anxiety; and (iii) Tinnitus, a condi-
tion that causes the perception of phantom noises, such as ringing or buzzing, in the
ears, though it is not always uncomfortable [106]. The acoustic elements of music,
such as rhythm, speed, and harmony, have also been shown to play a role in pain

relief and music therapy.

1.7.1 Performance Measure

Performance evaluation is one of the main important tasks that ensures the stability
of any proposed system. The following are the important attributes based on which

performance is measured.

1. Confusion Matrix: A confusion matrix [107] is used to summarize the perfor-
mance of a machine learning model on test data. It displays the number of
correct and incorrect predictions made by the model, and is particularly use-
ful for evaluating classification models that predict categorical labels for input

instances. The matrix consists of the following elements:

e True Positive (TP): The model accurately predicted a positive outcome

(actual outcome was positive).

e True Negative (TN): The model accurately predicted a negative outcome

(actual outcome was negative).

e False Positive (FP): The model incorrectly predicted a positive outcome

(actual outcome was negative), also known as a Type I error.

e False Negative (FN): The model incorrectly predicted a negative outcome

(actual outcome was positive), also known as a Type II error.
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The confusion matrix plays a vital role in evaluating the performance of a
classification model. It offers a comprehensive breakdown of the predictions of
model specifically, true positives, true negatives, false positives, and false neg-
atives. This detailed view helps in assessing key performance metrics such as
recall, precision, accuracy, and the overall ability of the model to distinguish
between classes. The confusion matrix is especially valuable when working
with imbalanced datasets, as it provides deeper insights that go beyond stan-

dard accuracy measures.

2. Accuracy: This metric measures the performance of the model, defined as the
ratio of total correct predictions to the total number of instances.

TP+FN
TP+TN+FP+FN

Accuracy =

3. Precision: Precision gauges the accuracy of the positive predictions of the
model, calculated as the ratio of true positive predictions to the total number

of positive predictions made.

‘i _ TP

Precision = 75775

4. Recall: Recall evaluates the ability of the model to identify all relevant in-
stances, defined as the ratio of true positive (TP) instances to the sum of true

positive and false negative (FN) instances.

_ TP
Recall = TPLFN

5. F1-Score: The Fl-score is a harmonic mean of precision and recall, used to

assess the overall performance of a classification model.

_ Precision X Recall
F1-Score=2 x Precision+Recall

6. Time Complexity: Time complexity [108] quantifies the computational time an
algorithm takes to complete its task, based on the size of the input data. This
is a critical metric in machine learning experiments to gauge the scalability

and efficiency of models, especially with large datasets.

e Training Time: This denotes the duration needed to train a machine
learning model. Linear regression algorithms generally exhibit low train-
ing time complexity, whereas deep learning models, particularly those

with extensive layers and neurons, have significantly higher complexity.
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e Testing Time: This is the time required by a model to generate predictions

on new data.

7. Space Complexity: Space complexity [109] refers to the memory requirements
of an algorithm relative to the input data size. In machine learning exper-
iments, this determines the memory needed to store data structures, model

parameters, and intermediate computations.

e Model Storage: This is the memory needed to store the trained model.
Complex models, such as deep neural networks with millions of parame-

ters, can demand substantial storage space [110].

e Data Storage: This pertains to the memory necessary to store datasets
used for training and testing. High-dimensional or large-scale data can

present significant challenges in terms of memory usage [111].

e Memory Usage During Training and Testing: Some algorithms, particu-
larly in deep learning frameworks, may need additional memory for in-

termediate calculations.

Though space complexity is an issue, at present scenario space becomes cheap

so we ignore this feature from our analysis part.

1.8 Organization of the Thesis

The organizations of the thesis are as follows.

Chapter 2 proposes text-based pain sentiment analysis, the chapter starts with
text preprocessing, then the preprocessed text data either handled by Hand-Crafted
technique or Deep Learning to analyze the pain. (This work is published in C2, J1)

Chapter 3 presents the implementation of pain sentiment analysis using vocal sig-
nals in the form of audio data; the chapter begins with the audio preprocessing, then
hand-crafted audio features are extracted. The hand-crafted features are then classi-
fied using traditional machine learning classifiers. Further, extracted audio features

are processed and classified using fully connected networks. (This study appears in
J4)
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Chapter 4 introduces the analysis of pain using static visual behavioral pain sig-
nals in the form of image data. The chapter starts with the image preprocessing
task and then features are extracted using hand-crafted and deep learning (CNN)
techniques. The hand-crafted features are then classified using traditional machine
learning classifiers, and the deep learning features are classified using fully connected
layers. (Publication of this work occurred in J1, J2, J3, C1)

Chapter 5 demonstrates the pain sentiment analysis, which is carried out by exam-
ining dynamic behavioral visual pain signals, captured in the form of video data, the
features are extracted from the sequence of video frames using various pre-trained
model and for the classification purposes the fully connected layers and attention

layers are implemented. (This article is in J5)

Chapter 6 discusses the concept of multimodal pain sentiment analysis, which is

implemented by combining different types of data. (Communicated)

Chapter 7 provides the conclusions in which we have completed the results of the
proposed works and highlights some directions for future research related to this

thesis.
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Text-Based Pain Sentiment

Analysis

In this chapter, we have developed two text-based pain sentiment analysis systems.
This chapter talks about how healthcare communication is becoming more digital.
In this digital age, text plays a vital role. It is now seen as a physiological sig-
nal. Texts can provide a lot of useful information about the health of a person.
This includes his choice of words (lexical patterns) and the emotions he expresses.
Compared to conventional biomedical signals that required specialized hardware
for collection, text data can be easily obtained from individuals reporting their
symptoms, and thus represents an easy and non-invasive source of initial healthcare
evaluation [112]. Computerized sentiment analysis systems are usually multistage
processing pipelines. The text goes through preprocessing with noise removal, to-
kenization, and normalization as the first stage. Feature extraction subsequently
determines important sentiment indicators: BoW representations, TF-IDF repre-
sentations, and word embeddings. Machine learning classifiers (such as LR, kNN,
DT, RF, SVM) or deep neural networks (LSTMs, Transformers) do the feature ex-
traction and classification under a single umbrella. Contemporary systems increas-
ingly utilize transfer learning, where large corpus pre-trained models are adapted for
particular sentiment analysis tasks and hence achieve higher performance on texts

of a domain-specific nature [113].
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This chapter comprehensively examines the approaches for text preprocessing, fea-
ture extraction, and classification of text-based pain-related sentiments, using both
traditional machine learning methods and deep learning frameworks to obtain re-
liable and explainable results. The increased usage of digital media as a channel
for health communication further highlighted the need for machine text analysis.
Patients often communicate their discomfort, pain, and emotional states using tex-
tual language, in clinical surveys, online discussion groups, and even mobile apps
for health [114]. These large quantities of unstructured textual data open avenues
for training models with the potential to identify subtle feelings related to pain,
which makes the possibility of immediate and personalized medical interventions
highly promising [115]. Since pain is a personal experience that is usually difficult
to measure using traditional diagnostic tools, natural language processing (NLP)
tools developed through textual descriptions provide a promising means of achiev-
ing an objective evaluation. The text-based PSA system, PSA;. System, has been
implemented in two ways, the first with hand-crafted features and machine learning
classifiers, called HANDPSA.,; System, and the second is deep learning techniques,

which are called DLPSA . System for future reference.

Hand Crafted
Detected

Feature Classification |——> Classes
/ Extraction : “lasses

HANDPSA  Sytems

Input Text )
T Daa ] Preprocessing

Deep Learning Feature Extraction Detected
followed by Classification Classes

F1cURE 2.1: Workflow diagram of proposed PSAyext System.

Fig. 2.1 shows the flow diagram of the proposed PSA.. systems. A detailed ex-
amination of text preprocessing is conducted first, as it is necessary to transform
raw, noisy data into a structured format for computational analysis. Next, we dis-
cuss feature extraction using hand-crafted techniques, where lexical characteristics
are systematically encoded to identify pain-related problems [116]. Then, we ex-
plore traditional machine learning classifiers that employ the extracted features to
classify pain sentiment in an interpretable and efficient manner. Later, in the sec-

ond approach, we switch to deep learning-based methods. First, we do the text
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preprocessing by the same method as in the first system, which eliminates feature
extraction automation through hierarchical representations, thus minimizing manual
feature extraction efforts. Neural networks such as LSTM [28] and BiLSTM [117]
are tested for their ability to identify contextual pain signals from text. Lastly,
we provide a comparative evaluation of these methods with state-of-the-art (SoA)
methods, comparing their accuracy, generalizability, and computational cost. By
synergizing traditional and novel approaches, this chapter attempts to create a ro-
bust model for pain sentiment classification, impacting the larger field of affective
computing and healthcare analytics. Through this investigation, we highlight the
importance of text-based pain analysis as a cost-efficient and scalable solution for
contemporary healthcare, while also exploring challenges and potential avenues for

improving these computational models in real-world clinical use.

The organization of this chapter is as follows. Section 2.1 discusses literature reviews
related to PSAic system. The proposed systems are presented in Section 2.2.
Section 2.3 presents and analyzes the experimental results. Finally, Section 2.4

concludes the chapter.

2.1 Literature Review

Recent studies have increasingly focused on identifying and distinguishing various
forms of harmful online behavior, such as hate speech, vulgarity, and aggression.
For example, Kumar et al. [118] explored the distinction between hate speech and
vulgarity, offering insights into how these can be further classified into covert and
overt aggression. The work on cyberbullying detection began with the foundational
research by Dinakar et al. [119]. Based on this, Dadvar et al. [120, 121] and Van
Hee et al. [122] developed more refined systems with improved performance in de-
tecting bullying behaviour online. Trolling, another toxic online behaviour, has also
garnered research interest. Initial efforts by Cambria et al. [123] were followed by
Kumar et al. [124], Mihaylov et al. [125], and Mojica [126], who worked on im-
proving the accuracy of trolling detection systems. Racism, a critical issue in social
discourse, has also been addressed using sentiment analysis techniques. Greevy and

Smeaton [127] proposed early solutions for identifying racist language in textual
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data. The problem of detecting hate speech has also been studied. Notable con-
tributions include those of Burnap and Williams [128], Djuric et al. [129], Gitari et
al. [130], and Badjatiya et al. [131]. Regarding abusive language detection, Chen et
al. [132] proposed a system based on Lexical Syntactic Features, whereas Nobata et
al. [133] adopted machine learning algorithms to identify abusive content across web

platforms more effectively.

Deep learning algorithms can illuminate internal dimmed patterns in complex datasets,
which play a key role in both feature extraction and classification [134]. Dashtipur
et al. introduced a Multimodal Framework based on context awareness on Persian
Sentiment Analysis [135]. Based on movie review comments on emotion analysis,
Sagum et al. [136] have proposed a sentiment measurement technique. Rustam et
al. [137] compared the performance of various supervised machine learning method-
ologies based on the Sentiment Analysis of COVID-19 tweets. The pain or anguish
experienced when exposed to sound is called acoustic or auditory pain. Recent
advances in text-based sentiment analysis have seen transformer models such as
BERT (Devlin et al.) [7] and GPT-3 (Brown et al.) [138] achieve state-of-the-art per-
formance by capturing deep contextual relationships. Researchers have developed
specialized techniques for social media analysis (Zimbra et al.) [139], multilingual
applications (Conneau et al.) [140], and handling informal language (Barbieri et
al.) [141]. Aspect-based sentiment analysis has emerged as a crucial subfield (Pon-
tiki et al.) [37], while new approaches address challenges such as sarcasm detection
(Cai et al.) [142] and emotion recognition (Bostan and Klinger) [143]. Explainable
AT methods (Ribeiro et al.) [144] have been applied to improve model interpretabil-
ity, and domain adaptation techniques improve performance in specialized contexts.
Recent work also focuses on bias mitigation (Blodgett et al.) [145] and low-resource
language support, reflecting the expanding scope and ethical considerations of the
field.

Recent progress in sentiment analysis has been made in specific areas, such as de-
tecting pain-related emotions. In this case, text is used to understand if someone
is in physical or emotional distress. Al-Hassan and Al-Dossari [146] created a hy-
brid deep learning model that could detect pain-related emotions in clinical texts.
Their model worked well with data from medical forums. Ji et al. [147] used BERT

and trained it to recognize the intensity of pain in the text written by the patients.
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This showed that transformer models can be very effective in this field. Sarsam et
al. [148] built a special pain-related word list and used it with SVM. This approach
was added to earlier methods such as the one by Gitari et al. [130], which focused
on hate speech. For analyzing pain using more than one type of data, Gratch et
al. [149] combined text with sound features. This idea followed a similar multimodal
approach by Dashtipour et al. [135]. In social networks, Sharma et al. [150] created
a method to find pain-related tweets without labeled data, similar to how Zimbra et
al. [139] analyzed the content of the social network. To handle multiple languages,
Lépez-Ubeda et al. [151] adapted XLM-R for Spanish texts about pain. Their work
was based on the multilingual model of Conneau et al. [140]. Ethical issues in la-
beling pain data were discussed by Deerwester et al. [152], related to bias concerns
raised by Blodgett et al. [145]. Lastly, Peng et al. [153] used explainable AT to make
pain prediction results easier to understand, following methods such as LIME from
Ribeiro et al. [144].

Cheng et al. [154] employed NLP-based sentiment analysis on Healthgrades reviews
to quantitatively characterize patient perceptions and satisfaction in pain manage-
ment services. Nunes et al. [155] provided a comprehensive systematic review of
computational approaches, including sentiment analysis, used to model and interpret
pain-related language in clinical and patient-generated texts. Aggarwal et al. [156]
compared classical and deep learning sentiment models (VADER, BERT, Flair) on
patient reviews to assess their effectiveness in capturing sentiment related to pain
management care. Ghosh et al. [157] proposes a capsule-inspired deep model that
jointly encodes textual facial patterns and semantic cues to classify fine-grained pain
sentiment levels. Fang et al. [158] provides a comprehensive survey of machine-
learning methods for pain detection across modalities, including text-based and
sentiment-oriented approaches. Fernandez et al. [159] describes the fifth Al4Pain
challenge, outlining tasks, datasets, and baselines for automated pain assessment

across multiple data types.
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2.2 Proposed PSA;c Systems

In this work, text-based two PSA systems have been proposed. The text documents
contain several comments, each of which contains several sentences. Now each sen-
tence contains several words. During sentiment analysis, text datasets may have
noise due to the diverse domains [118]. The proposed systems have three compo-
nents: (i) text preprocessing, (ii) feature extraction, and (iii) classification. Asshown
earlier (see Fig. 2.1), a common text preprocessing step is designed for both systems.
In the next subsection, we describe the text preprocessing step. After text prepro-
cessing, feature extraction and classification are two fundamental steps to analyze
pain. The features are one of the most important ingredients of this classification;
the performance of the classifier is highly dependent on the features used, as they
represent abstract patterns. After text preprocessing, in HANDPSA oy System, the
feature extraction and classification are executed sequentially; on the other hand, in
DLPSA e« System, the feature extraction and classification are done under a single

umbrella.

2.2.1 Text Preprocessing

Text preprocessing is the first phase of PSAie System. The proposed text prepro-

cessing has four steps, which are discussed below.

Text Cleaning: Text cleaning is the first and most important step in preparing raw
text. Removes things that are not useful, such as HTML tags, website links,
emojis, or any broken characters. These can clutter the data and confuse the
model. All letters are changed to lowercase so that similar words like ‘The’
and ‘the’ are treated the same. Punctuations and special symbols are also
removed to reduce noise. Regular expressions help in finding and removing
patterns like email addresses or phone numbers. Common spelling mistakes
and contractions have been fixed to make the text more consistent. Extra

spaces and repeated letters are cleaned up.
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Repeated letters refer to cases where a letter appears more times than nec-
essary, usually because of informal typing, emphasis, or errors. For example,

people may write:

e “soooo good” instead of “so good”.
e “cooool” instead of “cool”.

e “happppy” instead of “happy”.

Cleaning repeated letters is necessary because NLP models treat each spelling
variation as a different word, so leaving exaggerated forms like “soooo” or
“cooool” increases noise, makes the vocabulary unnecessarily large, and pre-
vents the model from recognizing that these words actually mean the same
thing; by reducing such repetitions to their standard form, the text becomes
more consistent, easier to process, and helps the model learn clearer and more
meaningful patterns. After cleaning, the text becomes much easier to work

with and provides a solid base for further processing in NLP tasks.

Tokenization: Tokenization is the process of breaking the cleaned text into smaller
parts. These parts are called tokens and can be words, phrases, or even smaller
units such as subwords. Most of the time, the text is split using spaces or punc-
tuation marks. However, more advanced tools can handle tricky cases like
hyphenated words (e.g., ‘well-being’) or words with apostrophes (e.g., ‘can’t’).
Sometimes, the text is broken down into sentences using clues such as cap-
ital letters and periods. In special cases, like with rare or complex words,
tokenization splits them into meaningful parts. Languages such as Chinese
or German have unique rules, and specific tokenizers are designed for them.
In general, tokenization turns unstructured text into parts that machines can

easily understand and analyze.

It has been observed that text preprocessing is not fully robust even after text
cleaning is complete, tokenization still uses elements like hyphens, apostrophes,
and capital letters because cleaning only removes unnecessary noise; it does
not remove meaningful structures inside valid words or sentences. Tokenizers
rely on these features to correctly split the text. For example, a hyphen in
“well-being” or an apostrophe in “can’t” is preserved during cleaning because

they change the meaning of the word, so the tokenizer uses them to decide
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whether the word should stay whole or be split into smaller parts. Similarly,
capital letters are kept in sentence boundaries, helping the tokenizer recognize
where one sentence ends and another begins. In this way, cleaning prepares
the text by removing irrelevant symbols, while tokenization uses the remaining
meaningful punctuation and structure to break the text into accurate, analyz-

able units.

Stop Word Removal: Stop word removal helps simplify text by taking out very
common words like ‘the’; ‘is’; or ‘and’. These words usually do not carry much
meaning, especially when the goal is to understand the main message. Re-
moving them reduces the amount of data and speeds up processing. However,
in some cases, certain common words may still be important. For example, in
sentiment analysis, words like ‘not’ can change the meaning completely. That
is why custom stop word lists are used depending on the domain. Instead of
removing all stop words, some modern methods just reduce their importance.

This step helps the system focus more on the meaningful parts of the text.

Stemming: Stemming cuts words down to their basic form. For example, ‘running’,
‘runs’, and ‘runner’ are all reduced to ‘run’. This is done using rule-based
methods that remove common word endings. Porter stemmer is a popular
tool for this, which applies a series of steps to strip suffixes. Although this
method is fast, it does not always give real words and can sometimes mix up
unrelated words that look similar. A lighter version of stemming is used for
certain languages like Arabic, where only common endings are removed. Even
though stemming is not as precise as other methods like lemmatization, it is

still useful when speed is more important than perfect accuracy.

The step-by-step result of text preprocessing, as an example, is shown in Fig. 2.2.

2.2.2 HANDPSA, ekt System

In this system, two well-known techniques, Bag of Words (BoW) and Term Fre-
quency Inverse Document Frequency (TF-IDF), have been used to compute the fea-
tures from the preprocessed tests. The extracted features are then classified using
some machine learning classifiers such as kNN, RF, SVM, LR, and DT.
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Input Text: Award well deserved.... For bringing glory to our country may u’ll shine.
forever...

@Ieaning: Award well deserved for bringing glory to our country may ull shine fo@

@nization: [‘Award’,‘we]l’,‘deserved’,‘for’,‘brinﬂri’i‘ﬂog’i‘to’i‘our’I‘count_rx’;max’{ull’z‘shine’z‘forever’i >

A,
Stop word removal: |‘Award’,‘well’,‘deserved’,‘bringging’,‘glory’,‘country’,‘ull’,‘shine’,‘fo@

@ming: [‘Award’,‘well’,‘deserve’,‘bring’,‘glory’,‘country’,‘ull’,‘shine’,‘foreveD

Preprocessed Text

FIGURE 2.2: Steps with result of the text preprocessing of PSAtqt System.
2.2.2.1 Feature Extraction

Both BoW and TF-IDF are dictionary-based approaches to represent a document.
So, a global dictionary is available and with respect to this dictionary, any given
comment will be represented by some numeric values. First, we discuss the basic

concept of the dictionary and how it is designed.

Let D be the corpus (collection of documents) and assume that there are N com-
ments (in the form of small documents) in the corpus D = {d,,ds,...,dn}. d; is
then tokenized into several words. Tokenized comment d; may contain several stop
words [160] such as ‘is’, ‘are’, ‘1 am’, ‘would’, ‘will’, ‘what is’, ‘more’, ‘such’, ‘has’,
‘have’, etc. During processing, these stop words are removed from d; so that after

. . . ,
preprocessing, d; is transformed into d;.

The preprocessed corpus D' = {d},d}, ... ,d} contains words relevant to assess-
ing the aggressiveness of an individual. Since a word may have multiple meanings,
converting words into numbers is crucial while preserving distinguishing character-
istics [161]. In addition, numerical transformation enhances classifier performance.
The collection of all unique words from D’ has been considered, and for the de-
sired dictionary, Dict = {wy,ws, ..., wy} where M is the number of words in the

dictionary Dict.

Bag of Words (BoW): Let a preprocessed comment ¢, have ‘t’ tokens, i.e., ¢, =

wi|[wh|| -+ |Jw,_;||w; and this comment is represented as a vector V¢, with
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respect to the dictionary Dict. V| is defined as
VC;: (nlan27"' 7nM) (21)

where n; represents the number of occurrences of w; € Dict in ¢,. The steps
of the BoW method are shown in Fig. 2.3.

Select each
preprocessed
comments

Restore each
preprocessed
comments

Preprocessed
Comments

Calculate a C Calculate occurrence of words
afcu atea orgus —— for each comments with respect > fl;ow
07 unique wores to the corpus of unique words

FiGure 2.3: Block diagram of BoW based feature extraction method.

Example 1: Let us have a dictionary Dict = {cat, dog, log, mat, on, sat, the}, M =
7.

Input comments:

1. di: “The cat sat on the mat.”

2. dy: “The dog sat on the log.”
Preprocessing:

e Lowercase conversion and punctuation removal

1. dy — {the cat sat on the mat}
2. dy, — {the dog sat on the log}

e Tokenization
1. ) — {the, cat, sat, on, the, mat}
2. ¢, — {the, dog, sat, on, the, log}
e Stop word removal
1. ¢, — {cat, sat, mat}

2. ¢, — {dog, sat, log}
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e Stemming
1. ) — {cat, sit, mat}

2. ¢, — {dog, sit, log}

Representation of the comments:

LV, =( 1., 0, , 0 , 1. ., .1 )
freq of ‘cat’ freq of ‘dog’ freq of ‘log’ freq of ‘mat’ freq of ‘sit’
2.Vey=( 0, 1, 1. ., 0 ., .1 )

freq of ‘cat’ freq of ‘dog’ freq of ‘log’ freq of ‘mat’ freq of ‘sit’

The final feature vector using the BoW method for the comments d; and ds is V ¢}
and V¢, respectively. For simplicity, the feature vector computed using the BoW
method is denoted by fpow-

Term Frequency Inverse Document Frequency (TF-IDF): Let ¢ be a pre-
processed comment that has ‘t’ tokens. The term frequency (TF) of a word

w € ¢ is defined as

frequency of w in ¢
TF(w,c) = Ameney

2.2
number of tokens in ¢ (2.2)

The inverse document frequency (IDF) of a token ‘w’ can be defined as

IDF (w, D) = log( Number of documents in Dict

) (2.3)

number of documents containing w

Finally, TF-IDF of a token of a comment is computed as

TF-IDF (w, ¢, D) = TF(w, ) x IDF(w, D) (2.4)

The steps of the TF-IDF method are shown in Fig. 2.4.

Example 2: Compute the TF, IDF, and TF-IDF values of the tokens from com-

ments as given in Example 1.

Term frequency (TF) value of the tokens.
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Preprocessed
Comments

Restore each
preprocessed

Select each
preprocessed

comments comments

v

Calculate a Corpus
of unique words

| Calculate inverse

Calculate term

I document frequency (a) for
» : frequency (b) for each word
1 each word

N - ——————

Calculate
TF-IDF value for
each word

f;f-idf

FIGURE 2.4: Block diagram to compute TF-IDF features.

cat dog log mat sit

a5 0 0 3 3
40 31 0
IDF value of the tokens are as follows.
IDF(cat) = log(2/1) = log(2) ~ 0.693
IDF(dog) = log(2/1) = log(2) ~ 0.693
IDF(log) = log(2/1) = log(2) ~ 0.693
IDF(mat) = log(2/1) = log(2) ~ 0.693
IDF (sit) = log(2/2) = log(1) =0

TF-IDF score of the tokens
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cat dog log mat sit
¢i 3 x0.693 0 0 £x0.693 0
c 0 1x0.693 1 x0.693 0 0

2.2.2.2 C(Classification

In the classification stage, the feature vectors fiow and figiqr are used separately to
train the classifiers, kNN, RF, SVM, LR, and DT (described in Chapter 1). After
the training process is completed, the performance of the models is evaluated using

the test vector. Here, we handle 3-class and 5-class pain problems.

2.2.3 DLPSA;cxt Systems

Traditional hand-crafted features like BoW and TF-IDF have fundamental limita-
tions: Both BoW and TF-IDF give importance to the frequency of individual tokens.
Both methods produce fixed-size, sparse vectors that lack word order and fail to cap-
ture semantic or contextual relationships between words in sentences. These seman-
tic relationships are crucial for achieving better classification performance, as they
preserve meaningful linguistic patterns. To address this, deep learning approaches
employ embedding layers that transform words into dense vector representations
and encode the semantic meaning. These semantic features are combined with the
LSTM [102] and BiLSTM [117] layers separately as two different architectures, both
of which process text sequentially rather than as unordered data representations
such as BoW and TF-IDF, handling variable-length inputs through adaptive hid-
den states. LSTMs capture long-term dependencies in a forward direction, and
BiLSTMs extend this by analyzing relationships bidirectionally, enabling compre-
hensive context understanding, a capability entirely absent in hand-crafted features.
Such long-term word dependencies are essential for accurately interpreting context,

meaning, and sentiment in textual data.

LSTM [102] and BiLSTM are a specific type of Recurrent Neural Network (RNN),
which is applied for sequence labeling and sequence prediction tasks. They basically

overcome the architectural weakness of RNN [162]. The feature extraction using
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this scheme is as follows: each preprocessed comment d; undergoes space-separated
sequences of words, which are further split into a list of tokens, and then these tokens
are vectorized. This list of tokens is finally input to the LSTM and BiLSTM that
performs feature learning of tokens from the respective comment and classifies the
comment into either three or five different pain classes, depending on the datasets.
The simple LSTM is capable of processing the sequences in the forward direction
only; on the other hand, the BiLSTM processes the sequences in both forward and

backward directions.

The LSTM model starts with an input layer of size 200. Next, it passes through an
Embedding layer that turns the input into a 200x100 matrix, using around 1 mil-
lion trainable parameters. After that, an LSTM layer with 100 units processes this
data, adding about 80,400 more parameters. The output then goes to a Dense layer
with 128 units and ReLLU activation, which has around 12,928 parameters. Finally,
there is another Dense layer with 3 units, using sigmoid activation, that produces
the final 3-value output. Altogether, the model has approximately 1,093,715 train-
able parameters. The LSTM-based architecture is described in Fig. 2.5, while the

parameters are shown in Table 2.1.

Preprocessed
Text data

Proposed LSTM Architecture

Input Word Embedding LSTM
(Output Shape: 200) (Output Shape:(200,100)) (Output Shape:100)

8rm—(€ps €ceun€))

— o ——
— o o - -

F1GURE 2.5: Block diagram of LSTM based DLPSA eyt System (DLPSAtcxtistm
System).
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TABLE 2.1: Parameter details of the used LSTM architecture.

Layer Output Shape | Parameter
Input 200 0
Embedding (200,100) 1000000
LSTM 100 80400
Dense 128 12928
Activation
(ReLu) 3 0
Dense 3 387
Activation
(sigmoid) 3 0
Total 1093715

The BiLSTM model begins with an input layer of size 50. This is followed by
an Embedding layer that converts the input into a 50x128 matrix, using about
1,280,000 parameters. Then, a Bidirectional layer processes the sequence and gives
a 1x128 output, adding around 98,816 parameters. After that, Batch Normalization
is applied, using 512 parameters. A Dense layer then reduces the output to 1 x 32,
with 4,128 parameters. Following a dropout layer (referred to as DOUT), there is
a final Dense layer that produces a 1x5 output using 165 parameters. In total, the
model has 1,383,621 parameters, of which 1,383,365 are trainable, and 256 are non-
trainable, likely coming from the Batch Normalization layer. The BiLSTM-based

architecture is presented in Fig. 2.6, and the parameters are listed in Table 2.2.

TABLE 2.2: Parameter details of the used BiLSTM architecture.

Layer Output Shape Parameter
Input 50 0
Embedding (50,128) 1280000
Bidirectional (1,128) (1 4 771) x 128=98816
BatchNormalization (50,128) 4 x 128=512
Dense (1,32) (1 + 128) x 32=4128
DOUT (1,64) 0
Dense (1,5) (3241) x 5=165
Total Parameters 1383621
Total Trainable Parameters: 1383365
Non-trainable Parameters: 256

56




Chapter 2. Text-Based Pain Sentiment Analysis

Preprocessed
Text data

y

7 Proposed BiLSTM Architecture \
‘ Input > Word Embedding BiLSTM I
| | (Output Shape: 50) (Output Shape:(50,128)) (Output Shape:(1,128)) I
I | :
|
| ' !

|
| =
\ Sitstm (e1’ eZ""'ek) |

/

\______________¢____________.—

TC, TC,  TC,
Classes

FIGURE 2.6: Block diagram of BiLSTM based DLPSAext System
(DLPSA textbilstm System).

Comments Class
Most of Private Banks ATM's Like HDFC, ICICI etc are out of cash. Only Public TC,
sector bank's ATM working
Wondering why Educated Ambassador is struggling to pay through Credit/Debit at TC,

a Decent Restaurant! Cant imagine that diplomat of a Developed nation is not
having a Card and he needs Cash only for Dinner.

again the same thing in eyes of judiciary he is not terrorist he is accused in our TC,
eyes is terrorist and he deserved to killed who ever keep a bad eye on our nation he
are she should be killed without no mercy

FIGURE 2.7: Some samples of TD,ger (3-Class Problem).

Hence, by employing both LSTM and BiLLSTM the obtained feature vector size is
N x L, where N is the total number of samples for a particular dataset and L is the
dimension of the embedding operation here for both LSTM and BiLSTM the value
of L is 100 and 128 respectively.
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2.3 Experiments and Results

In this section, we present a detailed discussion of the experiments and analysis of

the results for both systems. For evaluation purposes, we used three datasets.

The first text dataset is an Aggression Dataset (TD,ge) [118] which has three cat-
egories, such as Covertly Aggressive (CAG), Overtly Aggressive (OAG), and Non-
Aggressive (NAG) classes. It has been mentioned that the OAG class of comments
basically represents those comments where the aggression of the user is expressed
with a great amount of intensity against any particular topic. For these types of
comments, both the external and internal statements are highly aggressive in nature.
For the CAG class of comments, the intensity of the overall aggressiveness is quite
low with respect to OAG comments. Moreover, if we notice the external statement
of the comments, it may not look aggressive at all, but if we notice the internal
statement of the comments, the clear aggressiveness will be identified distinctly. In
the case of the NAG class of comments, no aggressiveness can be identified from
either the external or internal statements of the comments. We consider OAG as
TC3, CAG as TCy and NAG as T'C; classes. Some sample comments and the cor-
responding class label are depicted in Fig. 2.7. Practically, this dataset is not a pain
dataset; due to the scarcity, in our work, we consider this dataset and assume that
NAG indicates ‘No Pain’ (PI,), CAG represents ‘Low Pain’ (PI;), and OAG de-
notes ‘High Pain’ (Ply). The mapping between the actual class label of the original

dataset and the assumed plain label is shown in Table 2.3.

TABLE 2.3: Description of TD,ge Samples.

Pain | Class | Samples
Ply, | TC, 4240
Pl | TC, 2708
Pl, | TCs 5052

The second dataset used is Amazon Fine Food Reviews (TDamazon). In this dataset,
users have provided feedback and rated food quality on a five-point scale, indicating
that the dataset includes reviews with text classes ranging from 1 to 5. Like in the
previous, this dataset has no relation to pain. We consider this in our work where
we consider the rank of the original data as the pain level, i.e., the higher the rank of

the data, the higher the pain level. Some sample comments and the corresponding
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class label are depicted in Fig. 2.8. The level correspondence between the actual

rank and the pain level is given in Table 2.4.

Product arrived labeled as Jumbo Salted Peanuts...the peanuts were
actually small sized unsalted. Not sure if this was an error or if the
vendor intended to represent the product as "Jumbo".

The flavors are good. However, I do not see any differce between TC
this and Oaker Oats brand - they are both mushy. 3
good flavor! these came securely packed... they were fresh and

. . . TC
delicious! i love these Twizzlers! 4
This offer is a great price and a great taste, thanks Amazon for TC
selling this product.<br /><br />Staral 5

FIGURE 2.8: Some samples of TDamazon (5-Class Problem).

TABLE 2.4: Detailed Description of TDamazon-

Pain | Class | Samples
Ply, | TC, 52268
PI, | TCy 29769
Pl, | TC, 42640
Pl; | TC, 80655
Pl, | TCs 52268

The third dataset is our own curated dataset (TDyyy,), which mainly includes com-
ments reflecting the intensity of pain of individuals. These pain intensities that have
a scale from 0 to 4 and are mentioned as Pain Intensity-0 (P1) implies No Pain,
Pain Intensity-1 (PI) indicates very low pain, Pain Intensity-2 (PI3) for low pain,
Pain Intensity-3 (PI3) represents moderate pain, Pain Intensity-4 (P1,) implies high
pain. The comments are collected from people from various age groups through per-
sonal interviews. Additional details about this dataset are provided in Table 2.5,

and some sample comments and their label are shown in Fig. 2.9.

During the implementation of PSA.: System, each comment from all the above

datasets is classified into three or five categories, depending on the dataset. Initially,
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TABLE 2.5: Detailed Description of TDyyy,.

Pain | Class | Samples
Pl, | TC, 200
PI, | TCy 200
Pl, | TCs 200
Pl; | TCy 200
Pl, | TCs 200

I feel completely fine today. There is no pain or discomfort in my body. I can move
around freely without any issues.

I have an excruciating pain in my lower back. It's unbearable and makes it impossible to
move. I need immediate medical attention. TC5

FIGURE 2.9: Some samples of TDyy, (5-Class Problem).

TABLE 2.6: Feature size of the datasets TD,ggr, TDamazon, and TDyy,.

No. of

Dataset comments Feature Size
TDaggr 12000 | R12000x1000
TDamazon 568454 | R568454x1000
TDum 1000 | 10001000

every comment d; is preprocessed in d; using the technique described in Section 2.2.2.
The proposed feature extraction methods of HANDPSA ., System (i.e., BoW and
TF-IDF) return a feature vector of size 1 x 1000. The size of the different datasets is
different; therefore, the size of the feature matrix (taking into account all comments)
is different. The summary of the feature space for the different datasets is given in
Table 2.6.

These feature matrices are then randomly divided, with 50% assigned for training

and the other 50% for testing purposes to evaluate the model performance. For
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the experiments using HANDPSA ¢ System, two types of feature vectors are con-
sidered: BoW model (fyow) and the TF-IDF ( fiziqr) model. The training dataset
was used to build classification models using various machine learning algorithms:
kNN, RF, SVM, LR, and DT. These classifiers were chosen for their complementary
strengths in text classification tasks. RF is a fast, probabilistic generative model
that performs well on sparse and high-dimensional data, such as TF-IDF, because
of its simplifying independence assumptions. LR, a discriminative model, provides
interpretable coefficients and calibrated probability estimates, making it suitable for
both the baseline evaluation and feature importance analysis. SVM focuses on max-
imizing the geometric margin between classes and offers flexibility through kernel
functions, making it robust for high-dimensional and nonlinear problems. DT deliv-
ers clear, rule-based decisions, improving interpretability for domain experts. Lastly,
kNN is a non-parametric, instance-based algorithm that relies on local patterns and
does not assume linear separability. Together, these models span diverse paradigms,
such as generative, discriminative, geometric, rule-based, and non-parametric, al-
lowing for a comprehensive evaluation of algorithmic behavior without adding the
complexity of advanced techniques like ensembles or deep learning. After training,
each classifier generated a model, and these models were evaluated using the test
dataset to assess the performance of the proposed methodology. The results are pre-
sented in Table 2.7, which shows the classification performance for both the 3-class

and 5-class problems.
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From Table 2.7, it has been observed that the accuracy score obtained with the
TF-IDF features is better than that achieved using the BoW features. Both fea-
ture types have been used separately on various machine learning classifiers. The
experiments have demonstrated that for the 3-class classification problem, SVM has
produced the best performance, achieving an accuracy of 59.67% in the Aggression
dataset. The same classifier has outperformed other traditional models in the 5-
class classification task, producing an accuracy of 66.57% for the Amazon Fine Food
Reviews dataset and 78.29% for the Own Pain dataset. So in this chapter, on the
basis of experimental results as a traditional feature extraction technique, the TF-
IDF methodology is considered along with the SVM classifier as the HANDPSA {ex¢
System.

In DLPSA e System, the same 50% training-testing split has been maintained. The
performance of DLPSA . System across datasets has been reported in Table 2.8.

TABLE 2.8: Performance of the proposed system using DLPSA;ext Systems along
with training and testing times in Sec.

LSTM
Dataset | Accuracy | F1-Score | Precision | Recall Tra.l mng Tef?tlng
Time Time
TDager 57.91 58.03 57.15 58.26 6.21 0.03
TDamazon 67.84 67.26 66.92 68.07 717 0.11
TDim 76.37 75.62 75.63 76.34 4.22 0.02
BiLSTM
Accuracy | F1-Score | Precision | Recall Tra‘l mng Teétlng
Time Time
TD,ger 68.59 68.34 67.71 69.52 7.09 0.04
TD.amazon 73.22 T74.77 72.58 75.31 8.12 0.13
TDum 87.39 86.32 86.24 87.22 5.08 0.02

The experimental results presented in Table 2.8 have clearly demonstrated that the
BiLSTM architecture has been able to capture better semantic relationships com-
pared to LSTM. Consequently, better accuracy scores have been obtained in all
datasets using the BiLSTM technique relative to the LSTM approach. For this rea-
son, the BiLSTM technique has been selected as the feature extractor and classifier
for this chapter. Henceforth, DLPSA. System refers to a BiLSTM-based deep

model.
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FI1GURE 2.10: The confusion matrix in percentage using HANDPSA ¢yt System
and DLPSA. System with TD,g. dataset for 3-class classification.

From Table 2.7 and Table 2.8, it is noticeable that the proposed system achieves a
better result using SVM with respect to other machine learning models and with
LSTM models for both 3-class and 5-class classification problems. LSTM model ba-
sically able to stress upon some important factors such as sequential text processing,
represents words contextually, thus the contextual sense is mapped as feature, it also
takes care of words having semantic similarities, but with statistical approaches such
as BoW and TF-IDF the sentences are considered as unordered set of words these
methods are unable to preserve neither contextual sense nor semantic relationship
among the words within their feature maps and as a result of that better perfor-
mance is obtained with BiLSTM. The conventional LSTM learns input sequences
in one direction only (past — future), i.e., its features are learned only from past
contexts. Bidirectional LSTM (BiLSTM), on the other hand, learns sequences in
both directions (past = future). This two-way learning ability is the reason that

DLPSA et System exhibits better feature extraction.

The side-by-side confusion matrices shown in Fig. 2.10 compare the performance of
the SVM and BiLSTM models in the 3-class classification task (T'Cy, TCy, TCS3).
The SVM model demonstrates moderate classification ability, with notable misclas-
sifications between categories, particularly for T'Cs (1476 correct predictions against
402 misclassified as TCy and 648 as T'Cs). In contrast, the BILSTM model shows

superior performance across all classes, significantly improving correct predictions
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FIGURE 2.11: The confusion matrix in percentage using HANDPSA. System
and DLPSAtext System with TDamazon for 5-class classification.

for TC5 (1729 vs. 1476 of SVM), T'Cy (1452 vs. 1240), and T'Cy (934 vs. 798), while
substantially reducing cross-category confusion, particularly between T'C'y and T'Cy
(177 misclassifications vs. 557 of SVM) and between T'Cy and T'Cy (226 vs. 402).
This comparative analysis highlights a stronger contextual understanding in distin-
guishing the classes for the BiLSTM model.

Fig. 2.11 shows a comparison between two confusion matrices generated for a five-
class classification task (classes T'C to T'Cs) in TDamazon. Each matrix shows how
well the predictions of the model match the actual classes. The numbers along the
diagonal (such as 9782 for T'Cy in SVM and 11044 for T'Cy in BiLSTM) represent
correct predictions. The SVM model makes more errors, often confusing 7T'C's with
TC; and TCy. In contrast, the BiLSTM model performs better, with stronger
diagonal values (for example, 15604 for T'C5), which means it gets more predictions
right. Mistakes are still present, especially for T'Cy and T'C5, which both models
found to be more difficult to classify. Overall, the comparison shows that BiLSTM

is more accurate for this task.

Fig. 2.12 shows how two models perform a classification task with five categories
(T'Cy to TC5) in TDyy,. Both models do well, as most predictions fall along the
diagonal, which means that they correctly match the actual classes. However, Bil.-
STM does a little better overall. It has more correct predictions (like 87 for T'C
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FIGURE 2.12: The confusion matrix in percentage using HANDPSA . System
and DLPSAey System with TDyy, for 5-class classification.

compared to 81 in SVM) and makes fewer mistakes (its off-diagonal numbers are
lower). The SVM tends to confuse the nearby classes T'Cs and T'Cy, while the errors
of BiLSTM are spread more evenly, showing that it handles the task more reliably.
In short, BILSTM gives better results than SVM in this case.

The results in Fig. 2.13 show that the performance of the model is better with more
epochs. The figure suggests that 200 can be considered a good choice for the epochs.
For the configurations tested, a batch size of 50 produces the best results. We chose
a batch size of 50 with 200 training epochs for parameter tuning in our suggested

BiLSTM architecture based on these observations.

The performance of the proposed systems has been compared with some existing
SoA methods. The comparative study is reported in Table 2.9. The analysis reveals
that the proposed systems for sentiment analysis outperform the existing methods.
Among these, the BiLSTM technique demonstrates the most superior performance.
Consequently, for the purposes of this chapter, the proposed BiLSTM approach has

been selected as the primary methodology.

66



Chapter 2. Text-Based Pain Sentiment Analysis

4 )

* Batch-30 Batch-40 A Batch-50
75
sty
70 A---a
; *
7 —
wé
65 —
g e
£ Y S
= 60 e >
(5] A
9 P
< &~
55
50
s £ & & & & 5 oy F
$ & & s s s s s
$ § $ $ $ $
¢ ¢ & & & & & & ¢

- /

FiGUurE 2.13: Effect of batch vs. epoch for the proposed BiLSTM Sentiment
Analysis system for 3-class (with TD,ger) classification.

TABLE 2.9: Comparison of Performance of the proposed system with the other
competing methods for the 3-class (with TD,ger) and 5-class (with TDamazon)
classification problems.

Method | Accuracy (%) | F1-Score
3-Class Problem
Samphabadi et al. [163] 56.17 0.5875
Kumar et al. [164] 33.72 0.3572
Modha et al. [165] 53.76 0.5583
Constantin Orasan [166] 55.79 0.5832
HANDPSA eyt System 58.56 0.5967
DLPSA¢ext System 68.59 0.6834
5-Class Problem
Pang & Lee [2] 58.22 0.5524
Wang et al. [167] 62.17 0.6036
Kim et al. [168] 59.56 0.5743
HANDPSA eyt System 68.31 0.6692
DLPSA e System 73.59 0.7267

2.4 Conclusions

This chapter presents the text-based pain sentiment analysis system, denoted as
PSAtexs. The system is implemented through three primary steps: (i) text prepro-
cessing, (ii) feature extraction, and (iii) classification. Two distinct implementa-
tion strategies are explored. The first, HANDPSA . System, follows a traditional

pipeline in which feature extraction and classification are performed sequentially.
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The second, DLPSA;. System, adopts a deep learning-based approach, integrating
feature extraction and classification within a unified framework. The performance
of both approaches is evaluated using three benchmark datasets: the Aggression
dataset (TD,ge), Amazon Fine Food Reviews (TDamazon), and a custom-curated
dataset (TDyy,). Extensive experiments and comparative analysis against SoA meth-
ods reveal that DLPSA;. System consistently outperforms its counterparts, includ-
ing HANDPSAexs System. Among all the techniques designed in this chapter, the
BiLSTM-based DLPSA . System demonstrates superior performance. This variant

is selected as the representative model for PSA q.

Text-based pain sentiment provides a special view by capturing the personal pain
description of individuals, allowing a subjective and in-depth record of their pain
experience. Patients can report their pain in their own words through this method,
perhaps eliciting some aspects missed by structured questioning. However, text-
based analysis of pain descriptions poses challenges because of the extreme range of
how people describe their pain. Some might describe it with rich metaphors, while
others will downplay their symptoms, with this rendering generalization of findings
or the creation of standardized interpretations problematic. Other challenges include
cultural and linguistic variations in the way pain is expressed, and some words or
phrases may have particular meanings within particular societies, restricting the
applicability of text-based models. So, there may be one drawback of the PSA .
system that patients who cannot write cannot express their pain through text. Due
to this, it becomes difficult to accurately assess the pain level in these patients using
only the PSA. system. Another notable limitation of the PSA . system may be
the inability to pick up nonverbal cues of pain, which tend to be important sources
of information. For example, a patient may report that their pain is ‘manageable’ in
writing, but the pitch volume is high. Without these points, the evaluation may not
be as comprehensive and could result in an underestimation or misunderstanding
of the severity of the pain. Considering that audio signal data may be able to
alleviate these constraints while preserving the advantages of textual data, in the
next chapter, audio-based pain sentiment analysis has been proposed to resolve the

issues of textual-based pain sentiment analysis.
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Audio-Based Pain Sentiment

Analysis

In this chapter, audio signals have been used as vocal physiological signals in pain
sentiment analysis to explore pain-related emotions, overcoming the major limita-
tions of the use of PSA. system. Text-based data is a plain signal, which is
emotionless. Vocal signals are rich sources of emotion, picking up subtle changes in
pitch, speech rhythm, and instability in the voice that are omitted or hard to de-
tect when written. In contrast to text, which can be confining for illiteracy, speech
disabilities, or physical paralysis, audio data represents a more spontaneous and
accessible way of expressing the intensity of pain and affective states. This makes
it especially useful in healthcare and assistive technology, where the conventional
PSAext system will not capture all the nuances of human expression. The approach
followed in this chapter is one of a controlled pipeline, from preprocessing to imple-
mentation of the PSA, i system. The same working flow (as shown in Fig. 1.2)
is also followed for PSA,uqic System. The implications of the finding go beyond
pain assessment and have potential for applications in monitoring mental health,
human-computer interaction, and assistive technology for patients with communi-
cation impairments. Through this research, we underscore the importance of audio
information as a strong medium to interpret human emotions beyond what textual

information can accomplish.
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This chapter introduces a systematic method to overcome certain disadvantages in
pain sentiment analysis by moving the focus from text data to audio signals for
better evaluation of human responses. The study starts with the collection of au-
dio data from legitimate channels and then preprocessing the signals to remove the
noise, and for this purpose a Kalman filter is used. Then, three sets of hand-crafted
features are derived: i) statistical features [73], which measure temporal and spec-
tral changes; ii) Mel-Frequency Cepstral Coefficients (MFCCs) [11], capturing the
spectral properties of speech; and iii) spectral features [74], examining frequency
domain patterns. Subsequently, these features are tested using two different classifi-
cation methods. First, conventional machine learning models are applied separately
to every set of features to assess their discriminative power. We call this class of
system as HANDPSA ,uqi0 System. It is to be noted that these types of features are
the fundamental features for most of the audio processing, and for this reason, in our
second approach, we combine all the hand-crafted features and process through a
Fully Connected Network (FCN) to investigate whether the combination of multiple
acoustic descriptors enhances classification performance. In this work, we refer to

our second approach as DLPSA  .qio System for further reference.

This chapter is structured to guide the reader through the development and evalua-
tion of the proposed approach. Section 3.1 discusses existing research works available
in the literature. Section 3.2 introduces the methodology for audio-based pain sen-
timent analysis along with the various classification techniques used in the system.
Section 3.3 presents the experimental setup and provides a detailed analysis of the

results. Finally, Section 3.4 wraps up the chapter with key conclusions and insights.

3.1 Literature Review

A number of pioneering studies have explored the use of audio signals for pain
recognition. Giordano et al. [72] introduced an early and influential approach fo-
cused on identifying acoustic pain indicators in neonatal populations by analyzing
audio features. Building on this foundation, Oshrat et al. [169] proposed an innova-
tive method to investigate the relationship between self-reported pain intensity and

measurable bioacoustic markers in human vocalizations, with a particular focus on
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prosody. In a related effort, Ren et al. [170] developed an automated system to as-
sess pain using paralinguistic features in speech, with the aim of enhancing both the
objectivity and the reliability of pain diagnosis. Expanding the scope further, Zeng
et al. [171] conducted a psychological survey on how human emotions are perceived.
Most recently, Hong et al. [172] proposed an improved method for assessing the pain
severity, including pain localization as a secondary task to refine overall diagnostic

accuracy.

Audio-based pain sentiment analysis is becoming a powerful, non-invasive way to
understand and measure how much pain someone is in by listening to their voice. Re-
searchers found early on that pain changes how people sound, like altering pitch, jit-
ter, and shimmer in their speech [173]. Schuller et al. [174] used features like MFCCs
and speech rhythm to build machine learning models that detect pain with higher ac-
curacy than earlier methods. The INTERSPEECH ComParE challenge [175] helped
standardize how pain detection from audio is tested. Deep learning moved the field
forward, with Han et al. [176] creating a model that combined CNNs and RNNs to
outperform traditional approaches. Lefter et al. [177] showed that adding spoken
words to the audio analysis improved results, while Gratch et al. [178] discovered
that certain vocal pain cues work across different cultures. Privacy-focused tech-
niques like federated learning [179] made it possible to train models without risking
patient data. Other studies looked into how chaotic patterns in voice [180], real-time
monitoring systems [181], and the difference in vocal patterns between chronic and
acute pain [182] can be used to improve analysis. Data limitations were addressed
with synthetic audio [183], and multilingual systems [184] made it possible to detect
pain in many languages. Hammal et al. [185] found that things like speech rate
and pauses are strong indicators of pain. Personalized models [186] helped tailor
predictions to individual voice traits. The ComParE 2020 Sub-challenge [187] intro-
duced deep spectrum features to raise the performance bar. Researchers also linked
pain-related voice changes to body functions like the nervous system [188], while
semi-supervised models [189] reduced the need for lots of labeled data. Lopez-Otero
et al. [190] found voice changes after medication, and neural architecture search [191]
helped design better models automatically. INTERSPEECH 2021 included pain as
a topic [192], which pushed researchers to build even better features. Yao et al. [193]
used contrastive learning to make models stronger against poor recording conditions.

Vocal formant frequencies [194] also showed promise for detecting pain, and Xu et
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al. [195] improved federated learning for broader collaboration. Competitions like
the IEEE Signal Processing Cup 2022 [196] focused on pain recognition, pushing for
real-time solutions. Self-supervised pretraining [197] made use of unlabeled audio
data, and microphone differences were tackled with compensation algorithms [198].
Multiscale analysis [199] helped models understand both quick and slow changes in
voice, while the INTERSPEECH 2023 challenge [200] introduced transformer-based
models that further raised the performance standard. Transformer-based models
have taken audio pain analysis to the next level. For example, Liang et al. [201]
used self-attention to understand long-range patterns in pain-related speech, achiev-
ing top results. Chen et al. [202] worked on making these models easier to understand
by visualizing which parts of the audio matter most. Park et al. [203] found that
things like age and gender can impact how accurately pain is detected from voice.
Wang et al. [204] introduced new audio features specifically designed to pick up pain
distortions. The INTERSPEECH 2022 challenge [205] pushed things forward by
including more detailed pain intensity ratings. Zhang et al. [206] explored few-shot
learning to make progress even when data is limited. Johnson et al. [207] looked
at how pain sounds differ across medical conditions, and Smith et al. [208] built
lightweight models that could run on devices in hospitals. Anderson et al. [209] con-
firmed that using voice to monitor pain after surgery works well in real-world trials.
Lee et al. [210] suggested combining audio with medical text records to get better
pain predictions. A special issue in IEEE Transactions on Affective Computing [211]
summarized many of these breakthroughs. Brown et al. [212] tackled noisy hospital
audio and made it cleaner for analysis. Taylor et al. [213] studied how psychology
influences pain sounds. Wilson et al. [214] helped hospitals collaborate on model
training without sharing sensitive data. Garcia et al. [215] showed that culture af-
fects how pain is expressed vocally. Roberts et al. [216] used dynamic time warping
to match pain sounds across different voices. A Journal of Voice special issue [217]
focused on how this research is used in clinics. Harris et al. [218] created models that
can tell both how intense the pain is and what kind of pain it is. Martin et al. [219]
tested voice assistants for letting patients report their pain and found they are well
accepted. Thompson et al. [220] used graph neural networks to model complex re-
lationships in pain speech, and the INTERSPEECH 2023 challenge [221] centered
entirely on recognizing medical pain. Adams et al. [222] used active learning to

save time when labeling big pain datasets. Green et al. [223] found that voice pain
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cues often match up with physical stress signals, and Clark et al. [224] developed
methods to analyze pain while keeping the identity of general people confidential.
Finally, a special section in the IEEE Journal of Biomedical and Health Informat-
ics [225] collected a number of studies on using voice as a health signal, including

pain detection.

Borna et al. updated of the voice-based pain detection review summarizes [226]
newer machine-learning approaches that derive vocal biomarkers from speech to im-
prove automated identification of pain in adults, building directly on the original
survey work. Early work within the TAME Pain project [227] uses advanced audio
analysis pipelines and rigorous validation protocols to develop trustworthy, repro-
ducible models for estimating pain from speech as part of a broader multimodal
assessment framework. PainNOVA Poster [228] introduces a privacy-aware frame-
work for assessing pain levels from voice signals while minimizing exposure of lexical
content. Ghosh et al. [229] integrates an audio-based subnetwork into a multimodal

[oT framework to improve pain sentiment recognition performance.

3.2 Proposed PSA . .4i0c Systems

A PSA ,uqi0 System works through a systematic and multistep process to achieve op-
timal classification accuracy. Raw audio signals are first processed to improve signal
quality by noise reduction, normalization, and filtering to remove distortions and
inconsistencies. The system then extracts three different acoustic features that are
essential for pain sentiment analysis: Statistical features [73] to extract quantitative
signal properties, Mel-Frequency Cepstral Coefficients (MFCCs) [11] to represent
vocal properties and the spectral envelope, and spectral features [74] to describe
frequency domain behavior. In the first approach, each of these sets of features is
subsequently classified separately employing conventional machine learning classi-
fiers like SVM, RF, and LR to make initial pain sentiment predictions based on
individual feature performance. As mentioned earlier, this system is referred to
as HANDPSA .40 System. In the second approach, we fuse the extracted feature
sets into a single high-dimensional representation that captures their complemen-

tary strengths. This fused feature vector is then input into an FCN, which uses
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deep learning to identify complex, nonlinear relationships within the data, signifi-
cantly improving classification accuracy over single feature-based models. Through
systematic preprocessing, extraction of varied acoustic features, performing prelimi-
nary classifications, feature fusion, and ANN-based refinement, the system provides
strong and accurate pain sentiment analysis, rendering it very effective for use in
healthcare, patient monitoring, and affective computing applications. This system
is called DLPSA, 410 System. The general model for pain recognition using audio

data is shown in Fig. 3.1.
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Fi1GURE 3.1: Demonstration of proposed PSA uqio Systems.

3.2.1 Audio Preprocessing

The proposed methodology uses vocal audio signals, which often contain noise and
artifacts; therefore, preprocessing of audio data is highly essential. In the preprocess-
ing phase, to ensure the same sampling rate for all the audio samples, the resampling
method is used. For the improvement of vocalization, it is very important to ap-
ply different noise reduction techniques so that noises such as speech and artifacts

attached to the audio signal can be accurately removed. In preprocessing, the first
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task is to apply sampling, where the amplitude of the audio signal is measured at
regular intervals. The sampling process is described by Eq. (3.1). Following sam-
pling, the next preprocessing step is quantization. In this step, each sampled value
is assigned to the nearest digital level, as defined by Eq. (3.2). The audio signal is
represented by Eq. (3.3), which summarizes the overall digitization process of the
audio signal. As the audio signal may contain noise, the next preprocessing step is to
apply the Kalman filter shown in Eq. (3.4). The Kalman filter works recursively to
reduce errors as much as possible. It helps to clearly pick out the main audio signal
by removing the background noise. A comprehensive overview of the entire audio

preprocessing pipeline is described in the following and is illustrated in Fig. 3.2.

1. Sampling (Discretization in Time) The signal z(t) is sampled at intervals

T = %, where f is the sampling frequency. The sampled signal z[n] is:

1

== (3.1)

z[n] = x(nT) where n € Z (integer indices), T

n is an integer that counts the number of samples in the discrete-time sequence.

2. Quantization (Discretization in Amplitude) The sampled signal x[n] has

continuous amplitude values. Quantization maps these to a finite set of levels (e.g.,
16-bit audio has 2'6 = 65,536 levels). Let:

e ()(-) = quantization function

o A= w = step size, where B = bits per sample
x[n]
z4ln] = Q (z[n]) = A - round N (3.2)

Quantization Error: e[n| = z,[n] — z[n| (treated as noise).

3. Final Digital Signal Representation The digital signal is fully described
by:
zaln] = z4[n] = Q (z(nT)) (3.3)
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4. Applying Kalman filter to the digitized audio signal

yaln] = K (za[n]) (3-4)

where:

e 14[n] = digitized audio signal
e K(-) = Kalman filter operation

e y4[n] = filtered (noise-removed) digitized audio signal
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FIGURE 3.2: Steps of audio preprocessing.

3.2.2 HANDPSA . udio System

This work uses speaker audio recordings for audio-based pain sentiment evaluation.
The audio data is provided in waveform format, consisting of a sequence of bytes
representing audio signals over time. Hence, analyzing these sequences of bytes,
feature extraction techniques are employed for feature computation from the audio

files. These feature extraction techniques are described below.
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e Statistical audio features: Here, the audio signal initially undergoes a fre-

quency domain signal analysis using fast Fourier transformation (FFT) [73].
Dpl = Y~ yulnle 757" (3.5)

The computed frequencies are subsequently employed to calculate descriptive
statistics, including mean, median, standard deviation, quartiles, and kurtosis.
The magnitude of frequency components is used to calculate Energy and the
Root Mean Square (RMS) value. For the calculation of the energy of a frame
the Eq. (3.6) is used, and for the RMS value, Eq. (3.7) is used. The energy of

a frame of R samples:

2
L

E=) |Dpl (3.6)

3
I
o

where D[p] frequency domain transformed audio signal

The Root Mean Square (RMS) value:

1 N-1 )
RMS = | + I; |D[p]| (3.7)

e MFCC: This technique, considered a widely used method for audio-based
feature computation [11], begins by applying a log-amplitude transformation
to the frequency components derived from the FFT. The Mel scale is then
applied to the logarithmic amplitude spectrum. Afterward, a Discrete Cosine
Transform (DCT) is performed on the Mel-scaled spectrum, and typically only
the 2nd to 13th DCT coefficients are retained for feature computation, and
the remaining coefficients are discarded. The process begins with applying
the Discrete Fourier Transform (DFT) to a frame of the filtered and digitized
audio signal y,[n|, as shown in Eq. (3.5). Next, Mel filterbanks and logarithm
are then applied to the power spectrum, as described in Eq. (3.8).

S[m] = log (Z |D[p]|2.Hm[p}) (3.8)
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Here, S[m| denotes the Log-Mel Spectrum and H,,[p] represents the m'™® Mel
filter. Finally, MFCCs are calculated by applying the DCT to the Log-Mel
Spectrum, as given in Eq. (3.9).

M-1
l
MFCCJl| = S — 0.5 3.9
1= 3 stmjcos (F7m +09)) (39)
In this equation, [ = 0,1, ..., L—1 denotes the index of the MFCC coefficients,
M is the total number of Mel filterbanks used, and m runs from 0 to (M —1).

e Spectral Features: There are many types of spectral features available, but
the spectral centroid was chosen because it gave better results compared to
the others. The spectral centroid is derived by Eq. (3.11). These spectral
features [74] are related to the spectrogram of those audio files. The spectro-
gram represents the frequency intensities over time. It is measured from the
squared magnitude of the STFT [230], which is obtained by computing the
FFT over successive signal frames. The frequency domain representation D|p]
is obtained by applying DFT to the filtered and digitized audio signal yq[n],
flp] is the frequency (in Hz) of the p'" bin in the DFT and f[p] is obtained
using Eq. (3.10).

flp) == (3.10)

where fs is the sampling rate (in Hz) and the spectral centroid (Centroid) is

computed as in Eq. (3.11).

S flpl [Dp]]
S [DIp]]

Centroid = (3.11)

These feature extraction techniques derive d;-dimensional statistical features (fgat),
dy-dimensional MFCC features (finfec), and ds-dimensional fq,e. features from each
audio file. Then, these extracted feature vectors fsiat, fmfee, and fspec are considered
here as the input feature vector for HANDPSA, 4o System. Now, the individual
feature vector undergoes the classifiers employed (discussed in Chapter 1) to build

the pain detection model for the proposed HANDPSA ,q4io System.
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3.2.3 Classification

During analysis, the above extracted features and the combinations of these feature
sets are classified using machine learning classifiers such as DT, LR, kNN, and
SVM, with 50:50 and 75:25 training-testing splits to classify the features. These
feature sets, both individually and in combination, are also employed for DLPSA . 4i0

System.

3.2.4 DLPSA . udqi0 System

In this model, the above three extracted features, statistical, MFCC, and spectral,
are combined, as mentioned above, and then passed through three fully connected
(FC) layers before reaching the final dense output layer. The three FC layers pro-
gressively refine the combined features by learning hierarchical and discriminative
representations. The first FC layer plays a key role in processing the raw features.
It is enhanced with batch normalization, ReLLU activation, and dropout. Batch nor-
malization helps stabilize and speed up training by normalizing the inputs. ReLLU
adds nonlinearity, allowing the model to learn more complex patterns. Dropout
helps prevent overfitting by randomly disabling some neurons during training. This
enhancement allows the FC layer to capture important initial interactions in the
data while maintaining generalization. The second FC layer further abstracts these
features, emphasizing meaningful patterns and suppressing noise through another
nonlinear transformation. The third FC layer compresses the refined features into
a compact, class-separable representation, optimizing them for the final SoftMax
classifier. These three layers improve feature discriminability, stabilize training,
and improve generalization, enabling more accurate audio classification. Fig. 3.3
demonstrated the FCN architecture in terms of deep feature representation for au-

dio features.

These extracted feature vectors are combined so that fiusio = (fstats fmfees fopec)-
Now, faudio € R, d = dy + dy + ds, undergoes the proposed deep learning-based
feature representation followed by classification. During feature representation using
the dense layers of a fully connected network (which contains three fully connected

layers), a d-dimensional input feature vector is first transformed into 512 dimensions,
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FI1GURE 3.3: Proposed DLPSA,.di0 System.

then reduced to 256, and finally to 128 dimensions. This specific arrangement is
designed to take advantage of the progressive reduction of dimensionality, allowing
the network to extract and refine high-level features in a hierarchical manner. The
initial layer with 512 units captures a wide range of complex patterns from the input.
As features pass through the 256 and 128 unit layers, they are compressed into more
compact and discriminative representations. This gradual reduction not only helps
prevent overfitting by limiting the number of parameters but also preserves essential
information. Striking a balance between model capacity and generalization, enabling
the network to learn effectively without becoming overly complex. Moreover, this
structured compression supports stable gradient low during backpropagation, which
improves training efficiency and leads to better overall performance on the task.
Finally, during classifications, the feature is mapped into 3 or 5-class audio-pain
problems. The list of parameters required for audio-based pain detection using the

deep learning technique is demonstrated in Table 3.1.
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TABLE 3.1: List of parameters for DLPSA,qi0 System.

Layer | Output-shape | Feature-size Parameter
Flatten (1, d) (1,d) 0
Block;
Dense (1, 512) (1, 512) (1 4 d)x512
BatNorm (1, 512) (1, 512) 2048
ActRelu (1, 512) (1, 512) 0
Dropout (1, 512) (1, 512) 0
Block,
Dense (1, 256) (1,256) | (1 + 512)x256 = 131328
BatNorm (1, 256) (1, 256) 1024
ActRelu (1, 256) (1, 256) 0
Dropout (1, 256) (1, 256) 0
Block;
Dense (1, 128) (1,128) (1 4 256)x128 = 32896
BatNorm (1, 128) (1,128) 512
ActRelu (1, 128) (1,128) 0
Dropout (1, 128) (1,128) 0
Dense (1, 3) (1, 3) (128 + 1)x3 = 387
Total No. of Parameters 168195 + ((1 + d)x512)
| No-Pain
ok W Time

Low-Pain

Time

Amplitude

FIGURE 3.4: Some sample audio signals of ADyivag (3-Class).

3.3 Experiments and Results

The PSA,ugi0 System has two versions: i) hand-crafted and ii) deep learning, as

described in Section 3.2.2 and 3.2.4 (see Fig. 3.3), respectively. In this experiment,
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two datasets have been used to evaluate the performance of the proposed systems.

First, we discuss the datasets and then report the performance.

(i) Variably Intense Vocalizations of Affect and Emotion Corpus: This is a
speech audio database [231]. We rephrase this database as ADyjyag. Some sample
signals from the dataset are shown in Fig. 3.4. The database comprises non-speech
emotion vocalizations recorded from human participants. It contains 1085 audio
recordings collected from 11 speakers, each expressing various emotions, including
fear, anger, surprise, pain, achievements, and sexual pleasure. For each emotion,
recordings were captured at four intensity levels: ‘low’, ‘moderate’, ‘peak’, and
‘strong’. This study focuses on detecting pain intensities, categorizing the record-
ings into three main classes: Pain Intensity-0 to Pain Intensity-2. For simplicity,
recordings labeled with ‘low” and ‘moderate’ intensities are grouped under the Pain
Intensity-0 class, ‘peak’ is assigned to the Pain Intensity-1 class, and ‘strong’ is
classified as Pain Intensity-2. The emotions in the dataset are therefore distributed
across these three pain intensity classes based on their intensity levels. The sum-
mary of this dataset is reported in Table 3.2. Experiments with the proposed system
evaluate its performance using different training and testing sets derived from these

recordings.

TABLE 3.2: Number of sample in each class of ADvyrvag (3-Class).

Pain | Class | Sample
Pl, | ACY 530
Pl ACy 272
Pl, | ACs 282

(ii) Ryerson Audio-Visual Database of Emotional Speech and Song: This is
an emotional Speech and Song database [42]. The dataset is referred as ADgavpEss-
Some samples of the dataset are given in Fig. 3.5. It encompasses 7356 files, to-
taling 24.8 GB. The dataset features 24 professional actors (12 female, 12 male),
who vocalize two lexically matched statements in a neutral North American accent.
The speech component captures expressions of calm, happiness, sadness, anger, fear,
surprise, and disgust, while the song component includes emotions of calm, happi-
ness, sadness, anger, and fear. Among various facial expressions, emotions such as
sadness, anger, disgust, and fear have been found to share a meaningful correlation

with the expression of pain. These emotions, when contrasted with a neutral or
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FIGURE 3.5: Some samples of ADgrayvpgss (5-Class).

calm demeanor, are indicative of varying degrees of discomfort. In this study, calm
expressions are considered under the no-pain category, which is expressed as Pain
Intensity-0, while the other above-mentioned expressions are classified into four dis-
tinct pain level ranges from Pain Intensity-1 to Pain Intensity-4. The summary of

the dataset is presented in Table 3.3.

TABLE 3.3: Number of sample in each class of ADgayvprss (5-Class).

Pain | Class | Sample
Pl, | ACh 96
Pl ACy 384
PI, | ACs 384
PI; | AC, 384
Pl, | ACs 192

HANDPSA  .qi0 System used various audio features, including statistical features,
MFCCs, and spectral features of each audio signal. This set of features includes
11 statistical features, 128 MFCC features, and 224 spectral features. Table 3.4
summarizes the performance of the proposed HANDPSA ,qic System when evalu-
ated using these machine learning classifiers. All machine learning classifiers classify
features into 3 or 5 pain classes corresponding to ADyryag and ADgravpess, respec-
tively. The results of the proposed HANDPSA , .q4io System on the dataset ADvivag

and ADgravprss are reported in Table 3.4 and 3.5, respectively.
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TABLE 3.4: The performance the proposed HANDPSA ,udi0 System on ADvivag
using different classifiers.

‘ 50-50% training-testing set ‘ 75-25% training-testing set
fstat
Classifier | Accuracy | F1-Score | Precision | Recall | Accuracy | F1-Score | Precision | Recall
LR 49.56 33.52 24.76 49.47 50.21 33.39 25.12 50.21
kNN 75.02 49.22 58.17 75.09 52.41 49.22 60.53 49.05
DT 75.11 47.47 58.17 75.13 50.31 33.43 25.12 50.41
RF 72.86 68.56 69.37 70.49 48.74 46.26 39.28 43.57
SVM 49.63 33.52 24.76 49.32 50.24 33.36 25.14 50.19
fmfcc
LR 52.23 40.52 35.63 52.14 75.34 64.74 58.18 75.07
kNN 52.23 40.53 35.63 52.23 75.66 67.39 63.29 75.22
DT 95.18 92.95 93.52 92.38 97.57 95.08 96.45 95.88
RF 91.74 89.43 90.56 92.41 94.33 91.42 92.63 994.04
SVM 42.31 35.64 31.24 41.39 67.43 94.69 96.21 95.72
fspec
LR 49.71 33.12 49.76 40.44 75.37 64.68 58.37 75.21
kNN 75.13 58.17 75.21 65.77 75.18 67.77 58.43 75.26
DT 96.45 95.24 94.03 94.63 98.19 97.15 97.45 97.13
RF 92.67 92.14 92.81 92.18 96.29 92.38 96.57 95.53
SVM 96.31 95.23 94.24 94.73 97.56 94.52 96.57 97.18

TABLE 3.5: The performance of HANDPSA ,4ioc System on ADgayprss using
different classifiers.

‘ 50-50% training-testing set ‘ 75-25% training-testing set
fstat
Classifier | Accuracy | F1-Score | Precision | Recall | Accuracy | F1-Score | Precision | Recall
LR 48.42 47.73 46.72 57.44 51.81 50.16 49.99 60.55
kNN 66.81 60.75 58.67 66.81 73.54 65.61 61.63 73.24
DT 91.23 91.1 90.15 92.45 92.88 92.07 91.32 91.99
RF 88.24 85.34 86.18 87.09 89.62 86.47 87.55 88.23
SVM 54.67 42.13 36.47 54.67 51.99 51.99 51.99 51.99
fmfcc
LR 53.21 52.45 51.34 63.12 56.93 56.12 54.93 67.54
kNN 73.12 66.75 64.53 73.12 78.56 71.42 69.01 78.56
DT 93.62 93.26 91.73 94.16 94.72 95.16 93.29 93.89
RF 91.24 88.59 88.94 91.43 92.84 91.41 91.68 91.72
SVM 60.08 46.3 40.07 60.08 64.29 49.54 42.87 64.29
fspcc
LR 46.15 40.58 47.76 56.67 48.46 42.61 50.15 59.5
kNN 66.72 60.04 67.82 66.72 70.06 63.05 71.21 70.06
DT 96.83 95.16 95.57 95.32 97.62 96.51 96.19 96.43
RF 94.73 92.58 92.39 92.47 93.21 95.35 92.62 92.17
SVM 53.36 53.12 52.27 52.69 55.42 55.78 55.09 55.09

The performance displayed in Tables 3.4 and 3.5 indicates that, in most cases, the
Decision Tree classifier achieved the highest accuracy in various feature types for
both the 50:50 and 75:25 training-testing splits and for ADvyivag and ADgavpEss-

Moreover, MFCC and spectral features were found to have a greater impact on
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TABLE 3.6: Performance of the proposed DLPSA ,4i0 System on ADvyivag and

ADRAVDESS-
Dataset 50-50% training-testing set 75-25% training-testing set
Accuracy | F1-Score | Precision | Recall | Accuracy | F1-Score | Precision | Recall
ADvivar 98.05 97.24 96.72 98.38 98.32 97.81 96.92 98.53
ADRgAvDESS 97.84 96.39 96.18 98.13 98.58 98.11 97.29 98.46

performance than statistical audio frequency features. Hence, in this chapter, as
HANDPSA . qi0 System DT has been considered along with ffcc.

In DLPSA .41 System, 11 statistical features, 128 MFCC features, and 224 spectral
features are combined to form a 363-dimensional feature vector for each speech audio
sample. This feature vector is then used as input to the proposed deep learning
architecture in the sentiment analysis system based on audio data. However, in the
DLPAS, u4io system, the performance depends on the batch size and epochs, and
this is justified in Fig. 3.6. This figure helps to fix batch size = 32 and epoch =
100, and these settings for batch size and number of epochs are selected for further
experimentation in the DLPSA, 4i, system. Table 3.6 displays the performance of
DLPSA udic on ADvyivar and ADgavpess.

Batch-size:64

; :
:/*_—w -p— Batch-size:64 kK
g0k~ Batch-size:32 i — —k— Batch-size:32 <
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FIGURE 3.6: The performance of the proposed DLPSA ,,4i0 System with (a) 50-
50% training-testing, and (b) 75-25% training-testing sets for 3-class classification
problem.

The results of these two experimental setups are further compared in Fig. 3.7 and
3.8, where the performance of the HANDPSA , .4io System and DLPSA ,,q;0 System is
presented under different training-testing protocols with ADvyivag and ADgravpEss,
respectively. Fig. 3.7 and Fig. 3.8 help in visualizing the performance for the PSA . qi0

systems.
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FiGure 3.7: Comparison of accuracy of the proposed HANDPSA , 4ic System
and DLPSA ,u4i0 System on ADvyvag dataset.

B 50-50% training-testing set [l 75-25% training-testing set
99

Accuracy (%)

Decision Tree Deep Learning

F1cUure 3.8: Comparison of accuracy of the proposed HANDPSA ,4i0 System
and DLPSA, qi0 System on ADgavprss dataset.

Fig. 3.9 represents how well two models, DT and FCN, performed in classifying
three categories: ACY, AC5, and AC3 on ADyryag. The DT model has done a good
job in correctly identifying 259 AC}, 133 AC,, and 138 ACj5 cases. It made only a
few errors, such as misclassifying 4 AC) cases as AC5. The FCN model performed
even better. It correctly predicted 263 AC cases and made just one AC;-to-ACy
mistake. Its accuracy for AC, and AC5 was nearly the same as DT, with 132 and 138
correct predictions, respectively. Overall, both models worked well, but the FCN
was slightly better. When it comes to the ACj3 class, both models perform well, with
FCN achieving perfect recall (138 of 141), and DT matching closely. These results
suggest that FCN is a bit stronger, particularly in reducing confusion between similar

groups.

Fig. 3.10 presents the way the DT and FCN models performed across five classes AC
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‘1?8"3’ AC, | AC, | AC i AC, | AC, | AC
Uy leg| " 2 3 Cgpleg] " 2 3
Ac, [E 151 | 075 Ac, [EIXREN 038 | 038
AC, 0.74 BEBEN 1.47 AC, 1.47 [ 2.21
AC, 0 PAKNE 97.8 AC, 1.42 0 9

Confusion matrix for DT Confusion matrix for FCN

FiGURE 3.9: Confusion matrices in percentage for HANDPSA ,u4i0 System and
DLPSA . u4i0 System on 3-class classification problem for ADvyrvag dataset.
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F1cURE 3.10: Confusion matrices in percentage for HANDPSA ,,4io System and
DLPSA ,udio System on 5-class classification problem for ADgavprss dataset.

to AC5 on ADgravpess. The DT model does a solid job, especially with 46 correct
predictions for the AC] class and very few mistakes, like just one case misclassified
as ACs. It also handles the ACs to ACY classes well, getting around 187 to 189 right,
though there is some mix-up between AC3 and the nearby classes AC,; and ACS.
The FCN model, on the other hand, takes it a step further by making even more
accurate predictions, like 191 correct for ACy and 94 for AC5, while also making
fewer mistakes across the board. For instance, it avoids misclassifying any ACj
cases as ACj3, something the DT model didn’t quite get right. Overall, both models
do a great job, but the FCN stands out by drawing clearer lines between classes,
especially for the less common ones like AC, and AC5. This shows that the FCN
is better at dealing with uneven class sizes and subtle similarities between classes,

thanks to its stronger focus and fewer errors.

The audio-based features are extracted from the basic theory of signal processing

systems from the continuous domain to the discrete domain. Hence, the employed
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features are very well known in terms of audio-based feature extraction. Table 3.7
represents the comparison with some SoA methods. From this table, it is observed
that both proposed systems (HANDPSA,qio and DLPSA,.4i0) perform better than
SoA methods. Further, it is to be noted that DLPSA ;0 System has better perfor-
mance than HANDPSA, 4o System. Hence, DLPSA,4ic System is superior to all
other competing methods. Therefore, in the future, when we say PSA, 40 System,
it says about DLPSA 40 System.

TABLE 3.7: Comparison of the performance of the proposed systems with the
SoA methods.

Method | Accuracy (%) | F1-Score
3-Class Problem (ADvyrvak)
Martinez et al. [232] 72.31 0.7131
Valstar et al. [233] 68.54 0.6744
Pantic & Patras [234] 65.16 0.6338
HANDPSA ,.qi0 System 96.45 0.9541
DLPSA udi0 System 98.32 0.9629
5-Class Problem (ADRAVDESS)
Livingstone & Russo [235] 74.27 0.7346
Schuller et al. [236] 69.83 0.6828
Trigeorgis et al. [237] 81.49 0.8437
HANDPSA 1410 System 96.83 0.9516
DLPSA. 40 System 97.84 0.9569

3.4 Conclusions

This chapter presents the audio-based pain sentiment analysis system, denoted as
PSA.ugi- The system is developed in three main stages. First, audio signals un-
dergo preprocessing, where noise is reduced using a Kalman filter to enhance signal
quality. Subsequently, three hand-crafted feature sets are extracted: (i) statisti-
cal features, (ii) Mel-Frequency Cepstral Coefficients (MFCCs), and (iii) spectral
features, each capturing different characteristics of the frequency domain. These
features are evaluated through two distinct experimental approaches. In the first,
known as HANDPSA 410, conventional machine learning classifiers are applied in-

dependently to each feature set to assess their individual discriminative potential.
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In the second approach, termed DLPSA, i, the extracted features are concate-
nated and fed into a Fully Connected Network (FCN) to investigate whether the
integration of the diverse acoustic descriptors improves the classification perfor-
mance. Both systems are evaluated using two benchmark datasets: ADyivag and
ADgavprss. The results of extensive experiments demonstrate that the DLPSA,4i0
system consistently outperforms not only HANDPSA . 4i0 but also several state-of-
the-art methods. Consequently, the DLPSA 4, framework is adopted as the final
prediction model for the PSA,,4i0 system in this chapter. The incorporation of audio
data into pain classification represents a significant advancement in telemedicine by
enabling real-time, non-invasive assessment of the conditions of patients. Variations
in vocal parameters such as pitch modulation, speech rhythm, and voice stability
serve as reliable acoustic biomarkers to estimate pain intensity. By utilizing these
auditory cues, the PSA, .40 System facilitates automatic classification of pain level
and eliminates the limitations of subjective self-reporting methods such as pain rat-
ing scales. This approach not only improves diagnostic accuracy but also supports
timely medical intervention, thereby enhancing the effectiveness of remote healthcare

delivery.

Despite the notable advantages offered by the PSA  uqi0 System, it also faces impor-
tant challenges, especially related to data ambiguity caused by differences in tone,
language, cultural background, and the authenticity of spoken expressions. These
issues can affect the reliability of audio-based pain recognition and highlight the need
for careful and reliable verification processes to ensure trustworthy input signals. To
overcome these limitations, the next work of this thesis includes the use of computer
vision methods by incorporating image-based data as visual signals. Facial expres-
sions displayed during painful vocalizations serve as additional supportive visual
evidence. This helps to improve both the accuracy and reliability of automated pain

detection systems. The details of this approach are presented in the next chapter.
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Image-Based Pain Sentiment

Analysis

In this chapter, we have developed an image-based pain sentiment analysis (PSA;page)
system to address several challenges identified in the case of an audio-based pain
analysis system. One of the main challenges is to ensure that the tone of the speaker
accurately reflects the true level of pain. This fundamental reliability issue prompted
us to incorporate facial expression analysis as a complementary modality because,
for the human being, facial movements are governed by consistent neuromuscular
patterns and are difficult to consciously suppress, offering a more stable reflection of
true pain labels. The PSA;, .z system is a static visual signal analysis to develop a
robust pain assessment framework that will overcome the limitation of the PSA,.4i0

system.

Pain assessment through facial expression analysis has emerged as a critical tool in
healthcare, particularly for patients who cannot write or speak the personnel dis-
comfort, such as neonates, the elderly, and individuals with cognitive impairments.
PSAinage system utilizes several methods from image processing, pattern recogni-
tion, computer vision, machine learning, and deep learning areas to detect and
quantify pain intensity from facial images. For the detection of pain intensity, both
(i) hand-crafted features and classification, and (ii) deep learning techniques have
been designed. The hand-crafted features, such as facial Action Units (AUs) like

brow lowering or lip tightening, are clinically validated and provide interpretable
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insights into muscle movements associated with pain. On the other hand, deep
learning methods like CNNs and Vision Transformers excel at identifying subtle,
complex patterns such as micro-expressions and temporal changes that might be
missed by manual techniques. These methods adapt well to individual differences in
pain expression, including cultural variations or personal tendencies. By combining
both approaches, the system becomes more robust, such as hand-crafted features
reduce overfitting by incorporating domain knowledge [238], while deep learning
enhances generalization across different populations, lighting conditions, and facial
poses [16]. This hybrid strategy effectively balances interpretability with predictive
power, an essential combination for reliable and accurate pain assessment, especially

in real-world or clinical environments.

Recent approaches employ deep learning models, mainly CNNs, to analyze subtle
facial cues such as brow lowering, lip tightening, and eye closure, which are strongly
correlated with pain. Benchmark datasets like UNBC Shoulder Pain Archive [239]
and the BioVid Heat Pain [240] databases have enabled significant progress in this
field by providing standardized, annotated facial expressions for model training and
validation. Despite advancements, challenges remain, including variability in pain
expression across cultures, occlusions due to medical equipment, and the need for

real-time, deployable solutions in clinical environments.

Two types of PSAjnage systems have been proposed in this chapter. One system is
a hand-crafted feature-based system (HANDPSA;aee System) and another one is
a deep learning based system (DLPSAjpage System). For both systems, a common
image preprocessing step is applied. A schematic diagram for the proposed systems

is given in Fig. 4.1.

This chapter reviews the literature in Section 4.1. In Section 4.2, the implementation
of the proposed PSA;jage systems has been elaborated. The experiments and results

are discussed in Section 4.3. This chapter is concluded in Section 4.4.
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FIGURE 4.1: Block diagram of the proposed PSA;page Systems.

4.1 Literature Review

Many existing automated techniques for pain detection struggle to accurately rec-
ognize pain based solely on facial expressions. Within the field of facial expression-
based pain recognition, several well-established feature extraction methods are widely
used. These include Active Appearance Models (AAM) and Active Shape Models
(ASM) [241], which capture both shape and appearance features. Other commonly
employed techniques include Local Binary Patterns (LBP) [242], known for their
effectiveness in texture analysis, and Gabor wavelets [243], which are useful for
capturing spatial frequency information in facial images. It has been noted that
the approaches now in use are related to facial representation-based pain detection.
Specific techniques rely on deep learning, whereas others are focused on non-deep
learning [244]. Nowadays, substantial progress has been achieved in this particular
field of study. Regarding categorization, it has been noted that the retrieved face fea-
tures [245] influence classification. A few popular feature extraction approaches per-
form this feature extraction task. The classification tasks are undertaken using well-
established supervised machine learning methodologies like kNN [246], SVM [247],
and Logistic Regression [248].

For efficient identification of face and other objects from images as some deep
learning-based CNN architectures have also been used in [249] and [250]. Rodriguez
et al. [81] proposed a hybrid CNN-Transformer architecture for enhanced pain recog-
nition, while Gupta et al. [251] introduced a lightweight model optimized for edge

devices. In recent years, it has been observed that the performance of CNN models
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is very high using GoogleNet [252] and AlexNet [134] CNN architectures. A new
method of emotional analysis based on a CNN-BiLSTM hybrid neural network has
been proposed by Liu et al. [253]. A comparative study on bio-inspired algorithms
for sentiment analysis had been done by Yadav and Vishwakarma [6]. In computer
vision, extracted features by pre-trained CNNs are used for various objectives such
as object identification, emotion recognition, etc. It is also observed that the perfor-
mance of CNN-pulled features is much better than hand-crafted features. In recent
years, the growth in the research field associated with deep learning has provided
solutions to several cutting-edge problems. Deep learning-based algorithms are ca-
pable of revealing inherently obscured patterns in complicated datasets, thus for

feature extraction and classification purposes [134].

Recent developments in image-based pain sentiment analysis are making systems
smarter and more reliable by combining facial expressions with signals like EEG and
EMG to understand pain better [254], while self-supervised learning helps to reduce
the need for large labeled datasets by using unlabeled videos [255]. Popular datasets
like the UNBC-McMaster Shoulder Pain Archive [256] continue to lead the field,
though newer ones such as BioVid [257] and X-ITE [258] include advanced features
like thermal imaging. Cutting-edge architectures like transformers [259] and graph
neural networks [260] are better at spotting pain over time and modeling how fa-
cial features interact. Techniques like contrastive learning [261] and vision-language
models like CLIP [262] help improve accuracy and even allow systems to classify
pain without prior examples. Weak supervision [263] and active learning [264] are
used to focus on important frames and reduce labeling effort, while the EmoPain
Challenge 2023 brought focus to real-world continuous pain prediction [265]. Meta-
learning [266] allows systems to adapt to new people with little data, and explain-
able Al tools [267] build clinical trust by showing which parts of the face signal pain.
Privacy-friendly training methods like federated learning [268], synthetic pain gen-
eration using diffusion models [269], and automatic model design [270] are making
systems more practical. Researchers are also addressing biases across datasets [271]
with new benchmarks like Aff-Wild2 [272], and multitask learning [273] is help-
ing models do several related jobs at once. Attention mechanisms [274], few-shot
learning [275], and model compression [276] further boost performance and make de-

ployment easier. Other efforts include using datasets like DISFA+ with pain-specific
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labels [277], semi-supervised training [278], hybrid models [279], adversarial learn-
ing [280], mobile optimization [281], and causal discovery to filter out misleading
features [282]. Projects like the OMG-Pain Challenge [283] encourage tracking pain
over time, and multimodal transformers [284] now merge data from facial, voice, and
movement inputs. Self-attention in vision transformers [285], unsupervised methods
like contrastive predictive coding [286], and dynamic graph models [287] are also
enhancing how pain is recognized. Real-time adaptation [288], better generalization
across people [289], modeling pain changes with neural ODEs [290], and few-sample
recognition with prototypical networks [291] are pushing boundaries. Synthetic aug-
mentation that keeps identities intact [292], hybrid transformer-CNN models [293],
and causal interventions [294] are helping reduce bias, while memory-augmented

networks [295] bring in external knowledge for smarter pain detection.

4.2 Proposed PSA; e Systems

The Fig. 4.1 illustrates the flow diagram of the proposed PSAjyage Systems. The
figure shows that a common preprocessing technique is applied to both systems
to extract the facial region from the corresponding input image. Then, in the
HANDPSApage system, the preprocessed facial image undergoes feature extrac-
tion followed by classification. On the other hand, the preprocessed image in the
DLPSAinage System is processed by a deep model to identify the pain level. In
the following, first we describe the preprocessing step, since it is common to both
the systems, and subsequently we present HANDPSA;,0e System and DLPSA;yage
System.

4.2.1 Image Preprocessing

In an unconstrained imaging environment, noise, illuminations, variations in poses,
and background are main challenges in any image-based application [244]. So, pre-
processing of the input image is very important to reduce the effect of these chal-
lenging issues. In the proposed PSA;yage system, the first step of the preprocessing

is to detect the facial region from an input image. The extracted face region is then
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normalized such that the fixed-dimensional feature vector can be extracted from
each preprocessed image. In this work for face detection, a tree-structured part
model has been employed, which works for all variants of facial poses. The Tree
Structured Part Model (TSPM) [296] is a hierarchical framework for facial feature
localization, which combines a global deformable model with local part templates to
robustly detect faces and their keypoints under varying poses and expressions. The
model represents a face as a mixture of trees, where each tree corresponds to a dif-
ferent viewpoint (e.g., frontal, profile), and each node in the tree represents a facial
part (e.g., eyes, nose, mouth) associated with a spatial constraint. The working flow
diagram of the TSPM method has been shown in Fig. 4.2.

Facial o .leee . .Par.t Spatial
Image Initialization Filtering Refinement
Facial regions g Post
with parts Processing

FI1GURE 4.2: Block diagram of TSPM.

From Fig. 4.2, it has been observed that the input image contains potential faces,
and from this image we have to find an approximate (initial) facial region, and then
this facial region is refined by the TSPM method.

To find the initial facial region, we do the following steps:

(i) First, we convert the input image into a grayscale image.

(ii) Next, apply the histogram equalization for lighting normalization, followed by

the Gaussian filtering to remove noise.

(iii) Then, use a method for coarse to fine details with finding the scores for land-
mark detection using Score(x,y) = >, w; - ¢;(z,y), where the ¢; is HOG
features computed over the position of the landmark. The w; is the weight
adjusted by applying the SVM classifier for landmark and non-landmark po-

sitions. This results initial facial bounding box.
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The approximate face region is passed to TSPM for refinement of the initial detection

through hierarchical part localization. The steps of TSMP are as follows:

1. Tree-Structured Model Initialization

e Define facial parts in a hierarchical tree structure:

— Root node: Face bounding box
— Level 1: Eyes, nose, mouth regions

— Level 2: Eye corners, nose tip, mouth corners

e Establish geometric constraints between parts
2. Part Detection

e Apply deformable part models at multiple scales:

PartScore(p;) = Appearance(p;) + DeformationCost(p;, Pparent) (4.1)

e Use sliding window approach with learned part filters
3. Spatial Refinement

e Optimize part locations using spring-like constraints:
E(p) = ZAppearance(pi) + Z Dist(pi, p;j) (4.2)
i (i.4)eE
e Solve using dynamic programming for efficient inference

4. Post-Processing

e Non-Maximum Suppression (NMS):

— Remove duplicate detections using IoU thresholding

— Keep the highest-scoring detection in each neighborhood
e Geometric Verification:

— Enforce facial symmetry constraints

— Validate anthropometric ratios between parts
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5. Output

e Final detected facial regions with:

— Precise bounding boxes
— Labeled facial parts (eyes, nose, mouth)

— Confidence scores for each component

For the frontal face, this method computes sixty-eight landmark points, while for
the profile face, thirty-nine landmark points have been extracted. For normaliza-
tion purposes, the bilinear image interpolation method has been employed on each

extracted face region. The output of the image preprocessing is shown in Fig. 4.3.

So, from the above image preprocessing, from each input image, a facial region of

size N x N x 3 dimension image F' is obtained, which goes to feature computation.

4.2.2 HANDPSA;nage System

The above face extracted region (see Fig. 4.3) contains tones in regular or irregular
patterns. These textural characteristics allow us to extract features that are more
distinct and meaningful. This helps in better separating different classes and re-
duces confusion between similar ones, both within the same category (intra-class)
and across different categories (inter-class). It also helps to handle the issues caused
by poor image quality, especially when images are affected by noise and other ar-
tifacts. The feature extraction module works as an interpreter to extract admis-
sible non-rigid information, which is very important for manifesting Action Units
(AUs) from the perceptions of computer vision [297]. There can be two categories
of features, such as appearance-based and geometric-based [298]. Various geomet-
ric measurements related to coordinates and fiducial points are extracted in the
geometric-based feature extraction technique. Similarly, the appearance-based ap-

proach extracts various features from pixel intensity values.

In feature representation, the textures in the facial region are mainly analyzed us-
ing three approaches : (i) structural, (ii) statistical, and (iii) transform-based ap-

proaches [299]. Non-rigid facial muscular action exposes emotions. The statistical
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Input Images

Detected Facial Region

(a)

Input Images

Detected Facial Region

(b)

FIGURE 4.3: Results of image preprocessing of PSA;page System.

analysis of the texture pattern is more convenient and practical than the structural
and transform-based approaches. In the HANDPSA;,56e System, we have used two
feature extraction techniques, Local Binary Pattern (LBP) and histogram of ori-
ented gradients (HOG). These feature extraction methods have been discussed as
follows:

Local Binary Pattern (LBP): It is a powerful texture descriptor that encodes
local image patterns by comparing each pixel with its neighbours. The working
principle of LBP is that for any colour image, at first converted into a gray-scale

image F'. Then, consider a mask w33 over F', which slides over image. Then, for

98



Chapter 4. Image-Based Pain Sentiment Analysis

each central position of w on F', 8-neighbouring pixels are considered. Next, with
respect to the central pixel, each neighbouring pixel is assigned a value of 1 if its
intensity is greater than or equal to the centre pixel and 0 otherwise. These binary
values are then concatenated to form the LBP code for the central position of w.
Now perform this for all possible positions of w over F' such that a LBP-coded im-
age Fy, is obtained. The generated Fj;, has pixel intensity from 0 to 255. So, the
histogram of Fj, is 256-dimensional fy, feature vector. An example of LBP-based

feature extraction has been shown in Fig. 4.4.

Input color image Grayscale image

n-dimensional feature vector -

FIGURE 4.4: An example of feature extraction using the LBP technique.

Histogram of Oriented Gradient (HOG): This technique is used to extract
edge and shape information from images by computing the distribution of gradi-
ent orientations within localized cells. Here, a colour image is first converted to
grayscale, denoted as F'. Then, considering the two Sobel operators with 3 x 3 filter
masks, gradient images g, and g, are obtained by applying these filters over /. Then
based on the computation of g,, and g,, the magnitude image \/gng; , and phase
image tan—! (g—z), are obtained. Then, based on orientation binning, an orientation
histogram of its local cell (e.g., 8x8 pixels) is created, and the effects of illumina-
tion and contrast are reduced through the normalization of groups of neighbouring
cells. Then, this creates the HOG image (Frog) of F. In this, from each Fyog,
81-dimensional fy,, feature vector is generated. An example of HOG-based feature

extraction has been shown in Fig. 4.5.

This statistical feature extraction approach evaluates more information from the
pixel intensity values of the image. It helps to compile and present the appearance-

based features from an image. Since the preprocessed face image F' may have both
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Input color image Grayscale image HoG coded image

m-dimensional feature vector -

FI1GURE 4.5: An example of feature extraction using the HOG technique.

regular and non-regular patterns [244]. So, the statistical-based approaches are more

suitable to analyze regular as well as non-regular patterns.

Here, during feature computation, both global and local feature representation
schemes have been considered, and for that, different image partitioning setups have

been applied.

i) Py: In this setup, the entire image is considered as a whole, and a global

feature is extracted.

ii) Py: The image is partitioned horizontally into two sub-images, which helps to

extract features from the sub-images.

iii) P3: In this case, the image is partitioned vertically into two sub-images, and

features are computed from each sub-image.

iv) P4: The image is halved both horizontally and vertically, and features are

extracted from each of the four sub-images.

The first scheme (Py) gives a global feature of the facial image; whereas, schemes P -
P, give local features. These schemes are shown in Fig. 4.6. During statistical-based
feature computation, the facial image F' of N x N x 3 is converted to a gray-scaled
image N x N. Then, Local Binary Pattern (LBP), Histogram of Oriented Gradients
(HOG) features are computed accordingly from the whole F' to obtain its global
feature using Py representation as fi. To extract more local features, each F' is

divided into either two-equal halves (horizontally or vertically) (fyr/fvr) using Po
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and Pj respectively, or four-equal quarters (fr¢) with the help of P4. Here, fq indi-
cates feature computed globally, fy indicates feature computed horizontally local,
fyr indicates feature computed vertically local, and f; g indicates feature computed
locally to globally [300]. The fyy is a feature vector obtained by concatenation of
features extracted from two horizontal halves of F'. Similarly, fi 1, is a feature vector
obtained by concatenation of features extracted from two vertical halves of F. The
frc is a feature vector obtained by concatenation of features extracted from four
matrices (two horizontally and then two vertically) of F. Therefore, HANDPSA;,agc

system may use four types of features such as fq, fur, fvr, and frg.
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FIGURE 4.6: Statistical-based approach for feature representation from the facial
region F'.
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4.2.3 Classification

Now the features extracted from the above schemes (shown in Fig. 4.6) undergo
for classification task. For classification purposes, the DT, SVM, kNN, DT and LR

classifiers have been employed to detect pain for a 3-class or 5-class problem.

4.2.4 DLPSA;age System

Although HANDPSA, e system features might be helpful for interpretability or
low-resource settings, deep learning always achieves better performance for most con-
temporary image classification tasks by learning data-driven optimal representations
instead of depending on pre-specified feature extraction rules. Deep learning-based
feature extractors, especially CNNs [252], have several key benefits compared to con-
ventional HANDPSA; ... system approaches such as LBP and HOG for image clas-
sification. In contrast to the HANDPSA ;.6 system feature representation scheme is
manually chosen, and domain-specific expertise is required to construct fixed feature
descriptors, whereas deep learning models learn automatically hierarchical, discrim-
inative features from raw data within their multi-layer architectures. This allows
them to pick up intricate patterns, spatial hierarchies, and abstract representations
usually lost in HANDPSA;, 55 system methods. Deep learning features work better
even when the lighting changes, different poses, etc. Also, DLPSA;jaee System com-
bines feature extraction and classification into a single end-to-end framework that
can be optimized together for the task at hand, as opposed to the HANDPSA;, a6e
System features for which different classifiers need to be tuned. In the DLPSA; a6
system, the transfer learning and fine-tuning techniques have also been applied such
as to increase the performance over several challenging issues, which may be diffi-
cult in the case of the HANDPSA;,,6c system. In this work, the DLPSA ;a0 system
using CNN [252] is employed for feature learning and the classification of images
into predefined categories. These CNNs are widely recognized for their efficiency
and effectiveness in tackling complex image analysis problems. The design and im-

plementation of these CNNs have been demonstrated in the subsections below.
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Blockl Block2 Block3
Input Convolution + Convolution + Convolution +
Tmage Activation + —>| Activation + ™| Activation + ]
Maxpooling + Maxpooling + Maxpooling +
I._Bamhﬂgma]jzaﬁnn_ll BatchNormalization BatchNormalization
Block5 Block 4
Convolution + Convolution +
Flatten Activation + < Activation + -
Maxpooling + Maxpooling +
BatchNormalization BatchNormalization
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IC,

FI1GURE 4.7: Proposed CNN; architecture.

4.2.5 Proposed CNN; System

The CNN; architecture has been structured into five blocks and three fully connected
layers. It starts with Block;, where a 3 x 3 convolutional layer with 64 filters is used
on a facial input image of size 48 x 48 x 3, followed by ReLLU activation, 2 x 2 max-
pooling that reduces the spatial dimensions by half, and batch normalization. Blocks
follows the same sequence with another 3 x 3 convolution (again using 64 filters) with
pooling and normalization. In Blocks, the number of filters increases to 96, but the
same convolution-pooling-normalization architecture is repeated, which is repeated
in Block, with the same configurations. Blocks scales back filter count to 64 but
continues to employ the same layer operations. Every block, therefore, essentially
halves the size of the image and extracts more and more sophisticated features.
Following the last convolutional block, the output is flattened into a 64-dimensional
vector and fed through three fully connected layers of 512 neurons each, with dropout
added for regularization. Finally, a dense with softmax classification layer of three-
class pain sentiments is used. The model consists of a total of 475875 parameters,
optimized for balanced complexity and performance in a classification problem with

3 categories. The architectural design of the proposed CNN architecture has been
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shown in Fig. 4.7. The detailed description of the proposed CNN; architecture, along
with adopted layers, output shape of feature maps at each layer, and the parameters

involved at each layer, has been demonstrated in Table 4.1.

TABLE 4.1: Description of the CNN; architecture.

Layer ‘ Output Shape ‘ Image Size ‘ Parameters
| Block;
Convolution2D (3x3@64) ) i
(Activation: Relu) (n,n,64) (48,48,64) ((3x3x3)+1)x64=1792
Maxpooling2D ) s
@ x 2) (n1,n,64) (24,24,64) 0
‘ Batch Normalization (n1,n1,32) (24,24,64) 4 x 64=256
Block,
Convolution2D (3x3@64) o e . -
(Activation: Rela) (n1,m1, 64) (24,24,64) | ((3x3x64)+1)x64= 36928
Maxpooling2D )
2 x 2) (ng, na, 64) (12,12,64) 0
Batch Normalization (na, na, 64) (12,12,64) 4 x 64=256
Blocks
Convolution2D (3x3@96) ) . aoaup 0 FF2Q
(Activation: Relu) (na, n2,96) (12,12,96) ((3%3%64)+1) x96=55392
Maxpooling2D o
@ x 2) (ngz, ng, 96) (6,6,96) 0
Batch Normalization (n3, ns, 96) (6,6,96) 4 x 96=384
Block,
Convolution2D (3x3@96) ) o ap e . qa,
(Activation: Relu) (n3,ns3, 96) (6,6,96) ((3%3%96)+1) x96=83040
Maxpooling2D ) 22 0n
@ x 2) (14, 14, 96) (3,3,96) 0
Batch Normalization (n4,m4,96) (6,6,96) 4 x 96=384
Block;
Convolution2D (3x3@64) ] . . Crran
(Activation: Relu) (14, m4,64) (3,3,64) ((3%3%96)41) x64=55360
Maxpooling2D )
@ x 2) (ns,ns, 64) (1,1,64) 0
Batch Normalization (ns, ns, 64) (1,1,64) 4 x 64=256
Fully Connected
Flatten 1 x 1 x 64=64 0
Dense+Dropout 512 (04+§;2§0512:
Dense-+Dropout 512 (512+1) x 512=262656
Dense 3 (512+1) x 3 = 1539

Total Parameters 475875

In the CNN; architecture, the fully connected layer and output layer are arranged
in such a manner to progressively extract, refine, and interpret features for effective
classification. This hierarchical structure enables the network to learn increasingly
complex features as the data flows deeper. After feature extraction, the fully con-
nected layers integrate these features across the entire image, with dropout applied
to prevent overfitting. Finally, the output layer with softmax classification produces
a probability distribution for classification, ensuring the model can accurately dis-
tinguish between the target classes. This arrangement ensures efficient learning,

robust generalization, and effective decision-making.
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Block6 Block5 Block4
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Flatten > »| Dense |
1
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——@IC,

FIGURE 4.8: Proposed CNNjy architecture.
4.2.6 Proposed CNN; System

The CNNy architecture is composed of six convolutional blocks and three fully con-
nected layers for classification. The Block; starts with 3 x 3 convolution with 32
filters, followed by batch normalization, ReLLU activation, 2 x 2 max pooling to down-
sample the spatial dimensions, and dropout for regularization. Block, and Blocks
follow the same pattern but increase the number of convolutional layers to deepen
feature extraction with 32 and 64 filters, respectively, keeping activation, pooling,
batch normalization, and dropout at each step to keep training stable and avoid
overfitting. Block, and Blocks increase the filter numbers to 96 for a more detailed
representation of features and keep the same layer order. Blockg uses a final 3 x 3
convolution with 64 filters, normalization, activation, pooling, and dropout. The
output is flattened and fed to the dense layers, where three fully connected layers are
applied in sequence, each with 256 neurons, followed by batch normalization, ReLLU
activation, and dropout for deeper abstraction and regularization. The last output
layer is a dense layer with t units for classification of t classes. The total number
of parameters is around 3.1 million, with more than 3 million trainable parameters,
ensuring that this architecture is resilient for challenging classification tasks with

strong feature discriminability. The design of the proposed CNNsy architecture has
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TABLE 4.2: Description of the CNNy architecture.

Layers ‘ OutputShape ‘ ImageSize ‘ Parameters
Block,
Conva2D (3x3)@32 (0,n,32) (96, 96, 32) 396
ActivationReLU (n,n,32) (96, 96, 32) 0
Maxpool2D(2x2) (n1,n1, 32), ny =n/2 (48,48,32) 0
BatchNorm (n1,n1, 32) (96, 96, 32) 128
Dropout (n1,n1,32) (48,48,32) 0
Layers OutputShape | ImageSize | Parameters Layers OutputShape | ImageSize | Parameters

Conv2D ((3x3x3) + 1)x32 | Conv2D ((3x3x64)+1)
(3%3)@32 (1, 71,32) (48,48,32) =9248 (3x3)ags | (" 73:9) (12,12,96) | ™ 06_55392
Activation Activation

ReLU (ny,n1,32) (48,48,32) 0 ReLU (n3, n3,96) (12,12,96) 0
Maxpool2D (n2,n2,32) Maxpool2D (n4,14,96)
(2x2) np =myy2 | 242432 0 (2x2) e =ny2 | (669 0
Batch Batch
Norm (n2,n2,32) (24, 24, 32) 4x32 =128 Norm (n4,n4,96) (6,6,96) 4x96=384
Dropout (n2,n2,32) (24, 24, 32) 0 Dropout (n4,14,96) (6,6,96) 0
Blocks;

Conv2D ) ) ((3x3x32)+1) Conv2D . . ((3x3x96)+1)
(3x3)@64 (n2,m2,64) | (24, 24, 64) x 64=18496 (3x3)@96 (n4,74,96) (6,6,96) x96=83040
Activation Activation

ReLU (n2,n2,32) (24, 24, 64) 0 ReLU (n4, n4,96) (6,6,96) 0
Maxpool2D (ns3, n3,64) Maxpool2D (ns, n5,96)
(2x2) ny =mpj2 | (1%12:64) 0 (2x2) ns =nyj2 | (3390) 0
Batch ) -~ Batch »
Norm (ns3, n3,64) (12, 12, 64) 4x64=256 Norm (ns, n5,96) (3,3,96) 4x96=384
Dropout (ns, n3,64) (12, 12, 64) 0 Dropout (ns, n5,64) (3,3,96) 0
Blockg
Conv2D(3x3)@64 (ns, n5,64) (3,3,64) 55360
ActivationReLU”~ (ns, ns,64) (3,3,64) 0
Maxpool2D(2x2) (ng, ng,64), ng = ns/2 (1,1,64) 0
BatchNorm (ng, ne,64) (1,1,64) 256
Dropout (ng, ng ,64) (1,1,64) 0
Layer Output Shape Image Size Parameter
Flatten (1, ng x ng x 64) 1, 64 0
‘ _ 1+ 64)x 256
Dense (1, 256) (1, 256) 16640
Batch Normalization (1, 256) (1, 256) 1024
Activation Relu (1, 256) (1, 256) 0
Dropout (1, 256) (1, 256) 0
(256-+1) % 256
< B =4
Dense (1, 256) (1, 256) —65792
Batch Normalization (1, 256) (1, 256) 1024
Activation Relu (1, 256) (1, 256) 0
Dropout (1, 256) (1, 256) 0
‘ . (256+1)x3
Dense (1, 3) (1, 3) 77
Total Parameters for The Input Image Size 310247
Total Number of Trainable Parameters: 308455
Non-trainable params: 1792

been provided in Fig. 4.8. The detailed description of this architecture with input-

output, hidden layers, output shapes of the convoluted image, input image size, and

parameters generated at each layer has been shown in Table 4.2, respectively, for

better understanding and clarity of the model.
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FIGURE 4.9: Proposed CNNj3 architecture.

A key difference between CNN; and CNN, is that, unlike CNN,, CNN; does not
include dropout layers in its CNN blocks, making it more prone to overfitting. Addi-
tionally, CNNjy consists of more CNN blocks than CNNy, which enhances its feature
extraction capabilities; early blocks detect edges, intermediate blocks recognize fea-
tures related to textures, deeper blocks identify the features of object parts, and the
deepest blocks capture full object-level features. This also allows for more complex
nonlinear transformations and allowing a deeper decision boundary that contributes

to better classification performance.

4.2.7 Proposed CNNj3; System

The CNNj3 architecture consists of six blocks, similar to the CNN, model, but each
block includes a sequence of layers: a Convolutional Layer, an Activation Layer,
a BatchNormalization Layer, a MaxPooling Layer, and a Dropout Layer. After
passing through these blocks, the output is subjected to a Flattened Layer, followed
by two Fully Connected Layers, each containing a Dense Layer and a Dropout Layer.
The final layer in the architecture is an output layer, which also includes a Dense
Layer. The ‘Adam’ optimizer is employed during the compilation process to optimize
the entire framework. Proposed CNNj architecture is shown in Fig. 4.9, and the

corresponding parameter list is given in Table 4.3.
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Various specifications of these models, along with details of the input-output hidden
layers, provide a clearer understanding and transparency of the model structure.
Once training with the CNNj3 framework is complete, the trained model foyn, is
obtained. CNNj is considered better than CNN, mainly due to the more optimal
ordering of its layers, particularly the placement of Batch Normalization before Max-
Pooling. In CNN3, Batch Normalization is applied immediately after the activation
function, helping to stabilize and accelerate training by normalizing the activations
before spatial downsampling occurs in MaxPooling. This sequence ensures that the
inputs to the pooling layer maintain consistent distributions, allowing for more effec-
tive feature extraction and reducing the risk of information loss. In contrast, CNNy
applies MaxPooling before Batch Normalization, which can diminish the regulariz-
ing and stabilizing benefits of normalization, since down-sampled data may already
discard key spatial information. Thus, CNNj offers improved training dynamics and

potentially better generalization performance.

Con+Act+BaN+Map+Dro

Z, Con: Convolution, Map: Max-Pooling, BaN: Batch-Normalization,
. Act: Activation, Den: Dense, FC: Fully Connected, Dro: Dropout

128x128x3

FIGURE 4.10: Proposed CNN4 architecture.
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TABLE 4.3: Parameters list of CNNj architecture.

Layers ‘ Outputshape ‘ ImageSize ‘ Parameters
Blockl
Conv2D(3x3)@32 (n, n, 32) (96, 96, 32) 896
Activation ReLU (n, n, 32) (96, 96, 32) 0
BatchNorm (n, n, 32) (96, 96, 32) 4x64 = 256
Maxpool2D (2x2) (nl, nl, 32), nl=n/2 (48, 48,32) 0
Dropout (nl, nl, 32) (48, 48,32) 0
Block2
Conv2D(3x3) Q64 (nl, 1, 64) (48, 48,64) | ((3x3x32)+1)x 64=18496
Activation ReLU (nl, nl, 64) (48, 48,64) 0
BatchNorm (nl, nl, 64) (48, 48,64) 4x64=256
Maxpool2D (2x2) | (n2, n2, 64), n2=n1/2 | (24, 24, 64) 0
Dropout (n2, n2, 64) (24, 24, 64) 0
Block3
Conv2D (3x3)@128 (n2,n2,128) (24,24,128) | ((3x3x64)+1)x128=73856
Activation ReLU (n2,n2,128) (24,24,128) 0
BatchNorm (n2,n2,128) (24,24,128) 4x128=512
Maxpool2D (2x2) | (n3,n3,128), n3=n2/2 | (12, 12, 128) 0
Dropout (n3,n3,128) (12, 12, 128) 0
Block4
Conv2D (3x3)@256 (13, 13, 256) (12, 12, 256) | ((3x3x128)+1)x256=295168
Activation ReLU (n3, n3, 256) (12, 12, 256) 0
BatchNorm (n3, n3, 256) (12, 12, 256) 4x256=1024
Maxpool2D (2x2) | (n4, nd, 256), nd=n3/2 | (6, 6, 256) 0
Dropout (n4, nd4, 256) (6, 6, 256) 0
Block5
Conv2D(3x3)@256 (n4, n4, 256) (6, 6, 256) ((3x3x256)+1)x256=590080
ActivationReLU (n4, nd4, 256) (6, 6, 256) 0
BatchNorm (nd, n4, 256) (6, 6, 256) 4x256=1024
Maxpool2D(2x2) | (n5, nb, 256), n5=n4/2 | (3, 3, 256) 0
Dropout (nb, n5, 256) (3, 3, 256) 0
Block6
Conv2D(3x3)@512 (15, 15,512) (3.3, 512) | ((3x3x256)+1)x512=1180160
Activation Re LU- ( nb, n5,512) (3, 3, 512) 0
BatchNorm ( n5, nb,512) (3, 3, 512) 4x512=2048
Maxpool2D(2x2) | ( n6, n6,512), n6=n5/2 (1,1,512) 0
Dropout ( n6, n6,512) (1,1,512) 0
Layers Outputshape ImageSize Parameters
Flatten (1, n6 X n6 X 512 ) (1,512) 0
Dense (1,512) (1,512) (1 + 512)x 512=262656
BatchNorm (1,512) (1,512) 0
ActivationReLU (1,512) (1,512) 0
Dropout (1,512) (1,512) 0
Dense (1,256) (1,256) (1 4+ 512)x 256=131328
BatchNorm (1,256) (1,256) 0
ActivationReLU (1,256) (1,256) 0
Dropout (1,256) (1,256) 0
Dense (1,5) (1,5) (25641)x5=1285
Total Parameters for The Input Image Size: 2558917
Total Number of Trainable Parameters: 2556421
Non-trainable params: 2496

109




Chapter 4. Image-Based Pain Sentiment Analysis

TABLE 4.4: Parameters list of CNNy architecture.

Layers ‘ Outputshape ‘ ImageSize ‘ Parameters
Block1
Conv2D (3x3)Q16 (o, o, 16) (128, 128, 16) 118
Activation ReLU (n, n, 16) (128, 128, 16) 0
BatchNorm (n, n, 16) (128, 128, 16) 4x16 = 64
Maxpool2D (2x2) (nl, nl, 16), nl=n/2 (64, 64, 16) 0
Dropout (nl, nl, 16) (64, 64, 16) 0
Block2
Conv2D(3x3)@32 (ul, nl, 32) (64, 64, 32) ((3x3x16)+1)x 32=4640
Activation ReLU (nl, nl, 32) (64, 64, 32) 0
BatchNorm (nl, nl, 32) (64, 64, 32) 4x32=128
Maxpool2D (2x2) (n2, n2, 32), n2=nl1/2 (32, 32, 32) 0
Dropout (n2, n2, 32) (32, 32, 32) 0
Block3
Conv2D (3x3)@64 (n2,n2,64) (32, 32, 64) ((3x3x32)+1)x64=18496
Activation ReLU (n2,n2,64) (32, 32, 64) 0
BatchNorm (n2,n2,64) (32, 32, 64) 4x64=256
Maxpool2D (2x2) (n3, n3, 64), n3=n2/2 (16, 16, 64) 0
Dropout (n3, n3, 64) (16, 16, 64) 0
Block4
Jonv2D (3x3)@128 (n3.n3, 128) (16, 16, 128) | ((3x3x064)+1)x128=73856
Activation ReLU (n3,n3, 128) (16, 16, 128) 0
BatchNorm (n3,n3, 128) (16, 16, 128) 4x128=512
Maxpool2D (2x2) | (n4, nd, 128), nd=n3/2 (8, 8, 128) 0
Dropout (n4, nd, 128) (8, 8, 128) 0
Block5
Conv2D(3x3)@256 (n4, nd, 256) (8, 8, 256) ((3x3x128)+1)x256=295168
ActivationReLU (n4, nd, 256) (8, 8, 256) 0
BatchNorm (n4, nd, 256) (8, 8, 256) 4x256=1024
Maxpool2D(2x2) (n5, nb, 256), n5=n4/2 (4, 4, 256) 0
Dropout (n5, n5, 256) (4, 4, 256) 0
Block6
Conv2D(3x3)@256 (n5, n5 , 256) (4, 4, 256) ((3x3x256)+1)x256=590080
Activation Re LU- (n5, nb , 256) (4, 4, 256) 0
BatchNorm (n5, n5 , 256) (4, 4, 256) 4x256=1024
Maxpool2D(2x2) | ( n6, n6 , 256), n6=n5/2 | (2, 2, 256) 0
Dropout (06, n6 , 256) (2, 2, 256) 0
Block7
Conv2D(3x3)@512 (16, n6 , 512) (2, 2,512) | ((3x3x256) 1 1)x512=1180160
Activation Re LU- (n6, n6 , 512) (2, 2,512) 0
BatchNorm (06, n6 , 512) (2, 2,512) 4x512=2048
Maxpool2D(2x2) | (n7,n7,512), n6=n5/2 | (1,1, 512) 0
Dropout (n7,n7,512) (1,1, 512) 0
Layers Outputshape ImageSize Parameters
Flatten (1, n7 X n7 X 512) (1,512) 0
Dense (1,512) (1,512) (1 + 512)x 512=262656
BatchNorm (1,512) (1,512) 0
ActivationReLU (1,512) (1,512) 0
Dropout (1,512) (1,512) 0
Dense (1,256) (1,256 (1 + 512)x 256=131328
BatchNorm (1,256) (1,256) 0
ActivationReLU (1,256) (1,256) 0
Dropout (1,256) (1,256) 0
Dense (1,5) (1,5) (256+1)x5=1285
Total Parameters for The Input Image Size: 2563173
Total Number of Trainable Parameters: 2560645
Non-trainable params: 2528

4.2.8 Proposed CNN, System

The CNN, framework is proposed, which has seven blocks. These individual blocks

also have a convolutional layer, an Activation layer, a BatchNormalization layer, a
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MaxPooling layer, and a Dropout layer back to back, then three flatten layer,s and
at the end the output layer. Each flattened layer appears after the combination of
a dense layer, a batch normalization layer containing an activation function ‘Relu’,
and a dropout layer. In the end, the CNN, architecture includes a dense layer, the
final output layer. At the time of compilation of the proposed CNNy framework
for optimization operation, the ‘Adam’ optimizer is used. After completion of the
training process with the CNN, architecture, the trained fonyy, model is obtained.
The proposed CNN, architecture is illustrated in Fig. 4.10 and the parameter list is
given in Table 4.4.

The organization of the layer within the CNN blocks of CNN3 and CNNy is the same;
however, CNN, contains a greater number of CNN blocks compared to CNNj3. As
a result, CNNy is able to extract deeper and more complex features than CNN3. In
this chapter, four CNN architectures have been proposed. These architectures have
some differences from each other. The architectural comparison of different CNN

architectures is showcased in Table 4.5.

4.3 Experiments and Results

This chapter performs experiments with images of the facial region of patients to
detect pain intensity by analyzing expressions. The databases used in this chapter

are as follows.

i. UNBC Shoulder Pain Database (IDynpc): This database comprises 129
participants (63 male and 66 female), where the participants have shoulder
pain, and three physiotherapy clinics have identified their problems. The
videos were recorded on the campus of McMaster University. During data
acquisition, participants are assumed to have suffered from tendinitis, bursitis,
rotator cuff injuries, arthritis, bone spurs, dislocation, subluxation, impinge-
ment syndromes, capsulitis, and these causes shoulder pain. Here, from each
video, the images are extracted, where each image is assigned a label from the

‘No pain’ to ‘High-intensity pain’ classes. In this work, we have categorized
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TABLE 4.5: Comparison of the CNN architectures as models for the DLPSAj,a6e
system.

No. of Layer
Model | Convolution Arrangement
Block in each block
Convolution
Activation
Maxpooling
BatchNormalization
Convolution
Activation

CNN, 6 Maxpooling
BatchNormalization
Dropout
Convolution
Activation

CNN; 6 BatchNormalization
Maxpooling
Dropout
Convolution
Activation

CNN,y 7 BatchNormalization
Maxpooling
Dropout

CNN; 5

TABLE 4.6: Description of the employed IDynpc.

3-Class problem
Pain | Class | Sample
Pl 1C 40029
PI, 1C5 2909
P, 1C5 5460
2-Class problem
Pain | Class | Sample
Pl 1C 40029
PI, 1C5 8369

these images into three pain categories (already discussed in the previous chap-
ters). The description of the samples of these three classes has been demon-

strated in Table 4.6. Some images of this database are shown in Fig. 4.11.
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FIGURE 4.11: Some sample images of IDynpc (3-Class).

TABLE 4.7: Dataset description of both VDgijoyiq for Approach-1, Approach-2
and Approach-3

Number of Subject | Number of AL Number | Total Number
Approach I 2 frame from
(Individuals) Videos X of class of Images
each Video
Approach-1 5 20 14 5 7000
Approach-2 10 20 14 5 14000
Approach-3 20 20 14 5 28000

ii. BioVid (VDgjovia): This dataset contains videos from 87 individuals, which
are kept in Part A to Part E directories. In this study, only Part A directory
of the VDgioviq 18 considered. For Part A, the data is collected on three
separate occasions, as outlined in Table 4.7. The database is classified into five
distinct classes, including Baseline indicates no-pain (Ply), and four levels of
pain intensity: Pain Intensity-1 (P1;), Pain Intensity-2 (PIs), Pain Intensity-
3 (PI;), and Pain Intensity-4 (PI;). The sample frames of the dataset have
been demonstrated in Fig. 4.12. From this table, it has been observed that
the videos of this dataset has been experimented using three approaches: (i)
Approach-1, involving 5 subjects, 500 videos are used; (ii) Approach-2, with 10
subjects, 1,000 videos are used, (iii) Approach-3, which includes 20 subjects,
2,000 videos are considered. These videos are used to develop the proposed
PSAimage system. For this purpose, only the image frames of Approach-1
videos have been considered. This subset serves as the image dataset for the

experiments discussed in this chapter of the thesis.

In this work, during image preprocessing, the tree-structured part model is used to

extract the face region and then normalize the image to F' of size 200 x 200 x 3 from
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Pain Level 4

FIGURE 4.12: Sample video frames from VDpjoyig (5-Class).

TABLE 4.8: Feature dimension using different feature partitioning setup for
HANDPSA; a6 system.

Image Partitioning Feature Feature Dimension
Setups HOG LBP
P, fa 1x81 1x256
P, fur 1x162 1x512
Ps fvr 1x162 1x512
Py fra 1x324 1x1024

the input image. This work aims to identify the level of pain among two, three, and

five classes.

The HANDPSA a0e system computes statistical features, HOG, and LBP to iden-
tify the level of pain. In Section 4.2.2, the variants of HOG and LBP have been

demonstrated. This variation of features is summarized in Table 4.8.
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Hence using these features, from the facial region F', f4°¢ € RV8L and fEBF €
R1*2%6 feature vectors are obtained. The feature vectors undergo classifiers such as
LR [24], kNN [301], DT [302], RF, and SVM [303].

Each dataset is divided into 50% of data in the training set and 50% of data in
the testing set. Then, a ten-fold cross-validation technique is used, and the average
performance for testing data is reported for the proposed system. The performance
of the proposed system for the IDyngc 2-class problem due to these classifiers has
been shown in Table 4.9.

TABLE 4.9: Performance of HANDPSA; 6. System for 2-class pain detection on
IDUNBC using Pl.

Classifier HOG LBP

Accuracy | F1-Score | Precision | Recall | Accuracy | F1-Score | Precision | Recall
LR 74.28 0.7267 73.79 73.96 74.39 0.7266 73.82 73.92
kNN 71.33 0.7045 70.81 71.15 73.56 0.7285 73.11 73.28
DT 75.44 0.7413 74.67 74.87 73.62 0.7182 72.64 72.89
RF 74.45 0.7434 74.06 74.26 76.07 0.7597 75.48 75.74
SVM 75.85 0.7405 74.42 75.72 76.87 0.7551 75.31 76.14

Table 4.9 shows that the proposed HANDPSA; 5. System has attained better per-
formance for the Support SVM. The purpose of these feature extraction methods
is to extract more and more local features such that the performance of the pro-
posed system is increased. Also, from this table, we observe that the performance
of SVM is better than all other classifiers. Therefore, for further experiments with
the HANDPSA;age System, we use SVM as the classifier. The performance due to
these feature vectors for the IDyngc 2-class problem has been reported through the
bar-graphs in Fig. 4.13, where the x-axis shows the partitioning scheme while the

y-axis shows the accuracy of the SVM classifier.

It has been observed that the proposed system has achieved 78.34% accuracy using
HOG, 80.29% accuracy using LBP feature for the IDynxpc 2-class problem. The
performance of these four feature schemes on the datasets IDynpc (3-class) and
VDgiovia (5-class) is given in Table 4.10. From Fig. 4.13 and Table 4.10, it has been
observed that for P,, the performance is better for both HOG and LBP features
when SVM is used as a classifier. Hence, P, statistical-based feature representation
scheme with SVM as the classifier has been adopted to represent the HANDPSA,a6e
System.
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FIGURE 4.13: Performance of HANDPSA; a6 System with SVM as classifier on
IDuynBC 2-class pain detection.

TABLE 4.10: Performance of the proposed HANDPSA; a0 System on IDyngc
(3-class) and VDpioviq (5-class).

‘ HOG ‘ LBP
IDUNBC (3—c1ass)

Scheme | Accuracy | F1-Score | Precision | Recall | Accuracy | F1-Score | Precision | Recall
Py 77.85 0.7533 76.69 77.13 78.71 0.7702 77.39 78.14
Py 78.26 0.7629 77.03 77.57 79.16 0.7753 78.61 78.82
P3 78.91 0.7704 77.38 78.27 79.68 0.7825 78.43 79.29
Py 79.14 0.7751 78.64 78.46 80.08 0.7891 79.22 79.63

VDBioVid (5-class)

Scheme | Accuracy | F1-Score | Precision | Recall | Accuracy | F1-Score | Precision | Recall
Py 31.74 0.3054 30.31 31.24 32.14 0.3152 31.28 31.86
Py 32.37 0.3122 31.54 31.82 32.79 0.3212 31.91 32.42
Ps 32.89 0.3179 31.73 32.16 33.57 0.3286 32.73 33.36
Py 33.46 0.3258 32.17 32.73 34.48 0.3319 33.67 33.52
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FIGURE 4.14: Effectiveness of batch vs epochs for the proposed DLPSA;yage
System on IDyngc.
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In the DLPSAage System, the input image is preprocessed, and the facial region
is extracted by the TSPM model. The extracted face region F' is normalized. The
size of the face region is 48 x 48 while the batch size and the number of epochs vary.
Fig. 4.14 demonstrates the effectiveness of batch sizes and the number of epochs
over the performance of the proposed image-based sentiment analysis system for
the IDynge. From Fig. 4.14, it has been observed that the performance improves
with increasing epochs, and for the batch size 30, the performance is better. For
further experiments, we have employed a batch size of 30 on training samples with

200 epochs for learning the parameters of the proposed CNN; architecture.

With the above setting, the performance of the proposed DLPSA; a5 System with
CNN; has been shown in Table 4.11. Hence, from the performance, it has been

observed that the proposed system has achieved performance using CNNj.

TABLE 4.11: Performance of the proposed DLPSA;y a6 System using CNNj.

Dataset | Problem Accuracy | F1-Score | Precision | Recall ’I‘ra}mlng Te.s ting
Used Type time time
IDynge 3-Class 80.61 0.7946 79.64 79.43 | 41.29 sec. | 0.03 sec.
VDsgiovia | 5-Class 35.21 0.3346 34.21 34.74 | 38.41 sec. | 0.03 sec.

Now, the original image F' is resized to 96 x 96 image size. Then the resized face
images from the training data set to fed through the proposed CNN, architecture
Fig. 4.8), where the input to the architecture is 96 x 96 x 3 image. The CNN,
architecture is trained in such a way that it would perform both feature computation
and pain classification tasks. For a better understanding of the functionality of
these architectures, at first, we have started the experiment by training the CNN
architecture with training samples. In contrast, the performance of the trained
CNNs3 model is evaluated using the remaining testing samples. Both Fine-tuning and
Transfer Learning techniques have been employed here to improve the performance
of the proposed system. Hence, the proposed DLPSA; 5 System performance has
been demonstrated in Table 4.12. These performances have been reported in terms

of accuracy, Fl-score, training time, and testing time, respectively.

From Table 4.12, it has been observed that the proposed system attains 82.07% accu-
racy for IDynpc 3-class problem, and 37.48% accuracy for VDgjoviq 5-class problems.
The CNN; architecture performs better than the CNN; because of a more opti-

mized and considered placement of layers within every convolutional block. Both
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TABLE 4.12: Performance of the proposed DLPSAjpage System using CNNy.

Dataset | Problem Accuracy | F1-Score | Precision | Recall Trz%mlng Te.s ting
Used Type time time
IDynge 3-Class 83.33 0.8207 82.58 82.89 | 41.29 sec. | 0.03 sec.
VDgiovia | 5-Class 37.48 0.3522 36.28 36.84 | 26.31 sec. | 0.03 sec.

architectures employ convolution, activation, pooling, and normalization, but the
CNN, wisely incorporates Dropout layers in every block, increasing regularization
and avoiding early overfitting within the network. Compared to that, the CNN;
architecture has no dropout inside the blocks, which may affect CNN; with overfit-
ting. These design options in the CNN; model enhance learning dynamics, feature

richness, and generalization towards better performance.

Using the CNNj architecture, here also the images are resized to fixed dimensions
of 96 x 96 x 3 to obtain normalized facial expressions, denoted as F'. The proposed
CNNj; architecture (illustrated in Fig. 4.3) is applied to these normalized images.
This framework is trained to compute features and classify pain sentiment, with
the trained model fonn, evaluated on test samples to validate performance. The
training-testing split follows a 50-50% ratio for both the IDynpc 3-class and VDgiovig
5-class datasets. The performance of CNNj is reported in Table 4.13.

TABLE 4.13: Performance of the proposed DLPSA;y a6 System using CNN3.

Dataset | Problem Accuracy | F1-Score | Precision | Recall Tra}mlng Te.s ting
Used Type time time
[Dynee 3-Class 84.72 0.8273 83.46 83.27 | 44.32 sec. | 0.03 sec.
VDsgiovia | 5-Class 48.23 0.4581 46.39 46.72 | 38.41 sec. | 0.03 sec.

The performance reported in Table 4.13 shows that CNNj delivers strong results
for the 3-class IDynpc, attaining 84.72% accuracy and an excellent 0.8273 F1-
score. These metrics demonstrate the effectiveness of the model in handling sim-
pler PSA;age System tasks, where it achieves both reliable classification and effi-
cient learning. However, performance metrics decline noticeably when applied to
the more challenging 5-class VDgioviq, with accuracy falling to 48.23% and F1-
score dropping to 0.4581. This performance gap suggests difficulties in managing
finer-grained classification, potentially due to class imbalance or overlapping fea-
ture distributions. Notably, the model maintains consistently fast testing times of

0.03 seconds for both datasets, confirming its suitability for real-time applications.
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These results collectively indicate that while CNNj3 performs well for simpler clas-
sification tasks, architectural improvements, such as advanced feature extraction
methods or class-balancing techniques, could enhance its capability to handle more
complex, multi-class problems. The CNNj achieves superior performance due to
its optimized layer arrangement (Conv — Activation — BatchNorm — MaxPool
— Dropout). The key advantage lies in the placement of the BatchNormalization
before MaxPooling, which normalizes activations prior to downsampling, stabilizing
gradients and preserving important features during pooling. This contrasts with
CNN; (lacking Dropout entirely) and CNNy (where BatchNorm occurs after pool-
ing), where unnormalized pooling can amplify noise and degrade feature quality.
Additionally, strategic Dropout placement of CNNj3 after pooling effectively regular-
izes the already-normalized features, while similar Dropout of CNNj, is less effective
due to suboptimal BatchNorm positioning. The combined effect of proper normal-
ization before dimensionality reduction and well-placed regularization gives CNNj3
better training stability, faster convergence, and improved generalization compared
to both CNN; and CNN, architectures.

For CNNy, the preprocessing phase similarly focuses on facial expression extraction
but resizes images to 128 x 128 x 3, producing normalized inputs F'. The architec-
ture (Fig. 4.4) processes these higher-resolution images, aiming to enhance feature
learning precision. Like CNNj, the trained model foyn, is evaluated on a 50-50%
split of the IDyngc and VDgioviq to assess its functionality and performance. The

performance of CNNy is reported in Table 4.14.

TABLE 4.14: Performance of the proposed DLPSA;p a6 System using CNNy.

Dataset | Problem Accuracy | F1-Score | Precision | Recall Tr&}lnlng Te's ting
Used Type time time
IDynge 3-Class 85.29 0.8386 84.42 84.73 | 46.19 sec. | 0.03 sec.
VDsgiovia | 5-Class 48.45 0.4617 47.31 47.67 | 39.06 sec. | 0.03 sec.

From Table 4.14, CNNy demonstrates strong performance on the simpler 3-class
IDyngc dataset with 85.29% accuracy and 0.8386 F'l-score, indicating effective fea-
ture learning and classification for coarse-grained pain sentiment analysis. How-
ever, its performance significantly declines on the more complex 5-class VDsgioviq,
achieving only 48.45% accuracy and 0.4617 Fl-score, which suggests challenges in
handling fine-grained classification tasks with greater class overlap or data imbal-

ance. While the model maintains efficient testing times (0.03 seconds) across both
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DLPSAjnage System.

TABLE 4.15: Summary of the performance of different schemes of the proposed

Accuracy (%) | Accuracy (%)
3-Class 5-Class
Methodology Problem Problem
(IDuynBC) (VDsgiovia)
CNN;, 81.68 35.78
CNN, 83.33 37.48
CNN; 84.72 48.22
CNNy 85.29 48.45

datasets, the stark contrast in results highlights the impact of problem complexity
on performance, emphasizing the need for architectural improvements or additional
techniques like attention mechanisms or data augmentation to enhance its capabil-
ity for multi-class scenarios. The performance variation across CNNs under different
dataset sizes can be attributed to their layer arrangements and capacity to balance
feature extraction with generalization. CNN, excels with 20 subjects’ images due
to its deeper, structured architecture (16—32—64—128—256—512 filters), which
efficiently captures complex patterns in large datasets without overfitting, thanks
to consistent BatchNorm and Dropout. However, CNNj3 outperforms with smaller
datasets because its irregular filter progression (64—96—64) and moderate param-
eter count (475,875) prevent over-parameterization, making it more adaptable to
limited data. In contrast, the larger capacity of CNNy (2.56M parameters) overfits
on smaller datasets. Thus, CNNj strikes a better balance for images of a smaller
number of subjects, whereas CNNy leverages its depth for images of a larger number
of subjects. From all the above experimental results for various CNN architectures,
it has been observed that the CNN3 and CNN, outperform other CNNy and CNN;y
architectures due to proper layer organization and depth of CNN blocks. The com-
parative performance analysis reveals a clear progression in effectiveness across the
CNN architectures. CNNj establishes baseline performance with 81.68% accuracy
on the 3-class IDynpc dataset and 35.78% on the 5-class VDgioviq, while CNNy shows
moderate improvement (83.33% and 37.48% respectively). The most significant leap
occurs with CNN3, which achieves 84.72% (IDynpc) and 48.22% (VDgiovia) accuracy,
demonstrating enhanced capability in handling both simpler and more complex clas-
sification tasks. CNN, further refines this performance, reaching 85.29% and 48.45%

accuracy, marking it as the most effective architecture. This consistent improvement
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across versions highlights the impact of architectural refinements, with the most no-
table gains appearing in the challenging 5-class problem, where both CNNj3 and
CNNy show approximately 10% accuracy improvement over CNNy, suggesting their
superior feature extraction and classification capabilities for complex, fine-grained
tasks. The performance trends indicate that while all architectures handle the 3-
class problem reasonably well, the later versions (CNN3 and CNNy) demonstrate
particular effectiveness in addressing the difficulties inherent in multi-class classifi-
cation. The summary of the results of all the CNN architectures is mentioned in

Table 4.15 with respect to 3-Class IDyngc and 5-Class VDgiovid-

The Fig. 4.15 and Fig. 4.16 contain confusion matrices which represent the perfor-
mance for IDynge and VDgioviqa for 3-class and 5-class classification problems, re-
spectively. From different applied classifiers in HANDPSA 55 System, SVM, along
with P, feature representation of LBP, has been considered as it produces better
results. In case of DLPSAj a0 System for feature representation and classification,
CNNy has been considered.

The confusion matrices in Fig. 4.15 show how well the SVM and CNN, models
categorized data into three groups: ICY, ICy, and IC5. The SVM model has done
a good job identifying IC cases, correctly predicting 15,837 of them, but it often
confused them with 7Cy (3,084 times) and /C5 (1,093 times). It also did reasonably
well with 1C3, getting 2,331 right, though it struggled with IC5, correctly identifying
only 1,188 cases. On the other hand, the CNN, model was more accurate with IC',
correctly classifying 17,791 instances, but it had more trouble with IC5 and IC},
with just 781 and 2,153 correct predictions, respectively. Both models often mixed
up 1C5 and ICj5, but this was more noticeable in the results of CNNy. In short,
SVM performed better for IC3, while CNN, showed higher accuracy for NAG but
faced challenges with ICy and 1C5.

The confusion matrices in Fig. 4.16 compare how well the SVM and CNN, models
classify data into five groups: ICy, ICy, 1C3, ICy, and IC5. The SVM model had
moderate success, making the most correct predictions for IC (241) and IC5 (237),
but often got confused, especially between BL and ICy (127 times) and BL and ICj
(132 times). The CNN4 model performed better overall, with strong results for ICj
(370 correct) and ICy (409 correct), but it also made mistakes, such as mixing up
BL with IC5 (126 times) and ICy with IC5 (157 times). While CNNy generally
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ﬁ,,e l’,,e
‘l%zb,% Ic, | Ic, | IC, ‘10,036,00 Ic, | Ic, | IC,
IC, 79.13 | 15.41 | 5.46 IC, 88.89 | 6.47 | 4.64
IC, 14.72 | 81.71 | 3.58 IC, 17.06 | 53.71 | 29.23
IC, 13.04 | 1.58 | 85.38 IC, 6.92 | 14.21 | 78.86
Confusion matrix for SVM Confusion matrix for CNN,

FIGURE 4.15: Confusion matrices in percentage for the proposed HANDPSA;,46c
System and DLPSA;age System on IDyngc.

gave more accurate results than SVM, both models struggled to clearly separate

categories that share similar features.
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Confusion matrix for SVM Confusion matrix for CNN,

FIGURE 4.16: Confusion matrices in percentage for the proposed HANDPSA;,a6e
System and DLPSA;,.6e System on VDgigvig-

The performance of the proposed system is evaluated against different SoA methods,
and it is reported in Table 4.16. To ensure consistency and fairness in evaluation, we
implemented notable deep learning architectures such as VGG16 [15], ResNet50 [17],
and Inception-v3 [304], along with approaches proposed by Werner et al. [65], Lucey
et al. [239], Yuille [305], Simos [306], and Traue [65] and assessed their performance
using the same training and testing protocols employed by the proposed system. It

is important to note that the performance of our hand-crafted system is better than
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TABLE 4.16: Performance comparison for the proposed PSAjpage System of this

Chapter.
Accuracy (%)
Method IDunbo | VDpiovia

Vegl6 [15] 76.84 92.34
ResNet50 [17] 79.32 19.56
Inception-v3 [304] 79.64 23.18
Werner et al. [65] 75.52 24.01
Yuille [305] 79.15 25.39
Stmos [306] 75.67 24.14
Traue [65] 63.12 31.51
Lucey et al. [239] 81.84 24.78
HANDPSA ;i age System 80.08 34.48
DLPSAimage System (CNNj3) | 84.72 48.22
DLPSAimage System (CNNy) | 85.29 48.45

the performance of the SoA methods for both datasets (except Lucey et al. [239]
on IDynpe). Also, note that DLPSA;y,ee System with CNNj3 (and CNNy) shows

superior performance compared to the SoA methods.
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4.4 Conclusions

This chapter discusses image-based PSA;yage System. The implementation of this
system begins with the preprocessing technique applied to the input image, which
extracts the facial portion as a region of interest. The extracted facial region then
undergoes two systems: HANDPSA; 5 and DLPSAage. In the HANDPSA ae
System, the preprocessed facial image undergoes a feature extraction followed by
classification. In this system, two feature extraction techniques, namely the Local
Binary Pattern (LBP) and the Histogram of Oriented Gradients (HOG), are utilized
to extract features from the facial region. The extracted features then undergo a
classification task. On the other hand, the preprocessed image, in the DLPSA;yage
system, is processed by a deep model to identify the level of pain. In this system, four
CNN architectures, such as CNN;, CNN,, CNN3, and CNN,, have been designed
and implemented. Both the HANDPSA; .5 and the DLPSA;,a0e systems have been
tested on IDyxpe (UNBC Shoulder Pain Database) and VDg;joviq (BioVid heat pain
database). Through experiments and results, it has been observed that both CNNj3
and CNN, have achieved similar performance. So, perhaps both or either of these
could be considered DLPSA;;,qc systems. These performances have obtained out-
standing performance compared to all other competing methods, even surpassing
the HANDPSA e system. In this chapter, the CNN, based DLPSA;pqqe
System is considered the prediction model for the image-based pain sen-
timent analysis (PSApag) System. This system will mitigate the limitations
of the PSA;. and PSA,.qi0 Systems, providing valuable insights into variations in

pain levels.

This methodology enhances the robustness of the system, as facial expressions are
less susceptible to subjectivity or deliberate manipulation compared to text or au-
dio. However, image-based analysis has limitations, primarily its static nature, which
prevents the assessment of temporal dynamics, such as the duration and progres-
sion of pain expressions. To overcome this limitation, the next chapter will extend
the framework by incorporating video-based dynamic signals. This advancement
will enable continuous monitoring of pain intensity, temporal analysis of expression

duration, and improved robustness through spatiotemporal feature extraction. By
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integrating video data, the system will capture the evolving nature of pain experi-
ences, bridge the gap left by static image analysis, and provide a more comprehensive

understanding of patient conditions.
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Video-Based Pain Sentiment

Analysis

In this chapter, we have presented a video-based pain analysis (PSAyige,) System
to address various challenges highlighted in the previous chapter. The work of this
chapter focuses on analyzing the facial expressions of patients captured in individual
frames to continuously monitor the progression of their pain over time. The images
are inherently discrete, making it difficult to capture subtle changes and trends.
To overcome this issue, it is essential to shift from images to videos that allow us
to analyze dynamic behavior, offering a richer and more continuous perspective.
By working with video, we can capture significant spatio-temporal measurements of
facial actions in much finer detail. This enables more accurate and minute tracking of
pain expressions as they evolve. Video processing utilizes dynamic data to identify,
interpret, and respond to real-world signals for real-time monitoring of patients.
PSA.igeo system has improved accuracy by providing more contextual information

than standard sensors.

In this chapter, the assessment of pain is entirely based on facial expressions. Frames
containing these facial expressions are captured at regular intervals, ensuring that
minimal changes in facial expressions over short time gaps are preserved and can
be utilized effectively for the experiment. The facial region of each patient is de-
tected and cropped from these frames, after which the frames undergo preprocessing.

The features are then extracted from the preprocessed frames, and these features
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are concatenated to create the final representation of the features. In the previous
chapter, we noted that deep learning methods provide significantly better results
than hand-crafted methods and therefore, in this work, for classification, fully con-
nected networks are used, making the entire process from feature extraction to fea-
ture concatenation and classification an integrated procedure, called PainCapsule.
To further enhance the accuracy of the classification, the proposed PainCapsule
is passed through an attention network, which effectively handles long-range de-
pendencies within the feature map, leading to another unified methodology called
PainAttentionCapsule. To further improve the classification results, LSTM net-
works are applied to the features of PainAttentionCapsule, effectively addressing
temporal dependencies within the feature map. The block diagram of the proposed
PSA iqeo System is illustrated in Fig. 5.1.

Input Video ! Deep Learning Feature Extraction | Detected
Data followed by Classification Classes

DLPSA . System
video ¥

FI1GURE 5.1: Block Diagram of the proposed PSAyiqeo System.

This chapter is organized as follows. Section 5.1 discusses literature review, Section
5.2 demonstrates the implementation of the PSA 4., system. Section 5.3 presents

the experiments and the analysis of the results. Section 5.4 concludes the chapter.

5.1 Literature Review

Recent developments in video-based emotion analysis have transitioned from tradi-
tional techniques to advanced deep learning models, significantly enhancing perfor-
mance and applicability. The foundational contributions of Ekman and Friesen [307]
introduced the Facial Action Coding System (FACS), a pivotal tool to recognize
emotions through facial muscle movements known as action units. Building on this,
Zeng et al. [308] offered a comprehensive overview of early visual emotion recogni-
tion methods, identifying key challenges in feature extraction. The advent of CNNs
marked a breakthrough, as demonstrated by Kahou et al. [309], whose EmoNets
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framework enabled end-to-end emotion recognition directly from video data. This
momentum continued with Mollahosseini et al. [310], who introduced AffectNet, one
of the largest and most diverse databases for facial expression analysis. More re-
cently, transformer-based models, such as the one proposed by Arriaga et al. [311],
have shown improved capabilities in capturing temporal patterns, which is crucial
for accurate emotion classification. Benchmark datasets, such as CK+ [312] and
AFEW [313], have played a vital role in evaluating these methods in real-world con-
ditions. The latest advances, including the work by Zhao et al. [314], emphasize
the power of multimodal fusion, combining facial expressions, body movements, and

contextual cues to achieve robust and reliable emotion analysis.

Ghazal et al. [315] introduced a method that utilizes Principal Component Analysis
(PCA) to reduce the size of the dataset and extract significant facial features, fol-
lowed by the application of a CNN for face identification. In their survey, Rasha M.
et al. [316] reviewed various pain detection techniques, including multi-domain neu-
ral networks, CNN-LSTMs, and additive attributes. They also proposed a method
for comparing feature extraction techniques such as Skin Conductance Response
and Skin Conductance Level, using relevant features such as root mean square,
mean values of local maxima and minima, as well as the mean absolute value for
pain detection [317]. Patrick et al. [318] introduced a pain detection approach that
combines both unimodal and multimodal concepts. Eshan et al. [319] compared a
Random Forest classifier using Facial Activity Descriptors with the performance of
a deep learning-based pain detection model. Kornprom et al. [320] presented a pain
assessment method along with a pain intensity metric, using tools such as the Vi-
sual Analog Scale (VAS), Observer Rating Scale (ORS), Affective Motivation Scale
(AMS), and Sensory Scale (SS). Leila et al. [321] developed a model for automatic
pain detection using the VGG-Face model on the UNBC dataset. Jiang et al. [99]
conducted experiments using the GLA-CNN approach for pain detection. Lastly,
Ehsan et al. [322] proposed a pain classification system based on video data from
the X-ITE dataset.

Ullah et al. [323] addressed several challenges faced during the implementation of
Multimodal Sentiment Analysis (MSA) using text, image, audio and video data reg-

ularly posted on social media. The survey also highlighted existing and emerging
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difficulties and opportunities in MSA research. Similarly, Soleymani et al. [324] dis-
cussed the challenges of MSA in various domains, including spoken reviews, video
blogs, images, human-machine interaction, and human-human interaction systems,
while also pointing out the opportunities in these areas. Rao et al. [325] employed
speech-based LSTM features, kNNs, Bayesian networks, HMMs, and ANN to ex-
tract features from facial expressions and acoustic data, such as Gaussian mixture
models and Mel frequency cepstral coefficients, using the RAVDESS audio dataset.
Caschera et al. [80] employed a multimodal approach to classify emotions from speech
and text in videos, demonstrating the automatic extraction of emotional information
across various modalities and domain of interaction. Abdu et al. [326] presented
a survey on multimodal video sentiment analysis using deep learning approaches,
specifically highlighting multimodal sentiment analysis systems with a multimodal

multi-utterance-based architecture.

Recent progress in video-based pain sentiment analysis has led to more intelli-
gent systems that use 3D-CNNs to capture how pain unfolds in space and time
in videos [19], while newer models like Vision Transformers (ViTs) with space-time
attention go a step further by understanding long-term patterns in video frames
better than traditional CNNs [327]. The UNBC-McMaster Shoulder Pain Archive
remains the primary dataset for training and testing these models, thanks to its
detailed frame-level AU labels [328]. However, datasets like EmoPain [329] and
BioVid [257] now include additional signals, such as body movement and physiolog-
ical data, for a more comprehensive analysis. To ease the burden of labeling every
video frame, weakly supervised methods utilize multiple-instance learning to iden-
tify the most critical pain frames [330], and contrastive learning tools like SimCLR
enhance the reliability of the model by comparing different augmented clips of the
same pain sequence [261]. Graph neural networks (GNNs) help by mapping how
facial features relate and change during pain using learnable connections [260], and
neural ODEs allow tracking of pain levels over time, even when video frames are

unevenly spaced [290].

However, models trained in controlled lab environments often do not perform well in
real-world scenarios [271], which is why datasets like Aff-Wild2 Pain [272] have been
created to reflect more natural settings. Cutting-edge hybrid models that combine

CNNs and transformers [331] deliver top performance by integrating detailed feature
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extraction with a global understanding of time, and test-time adaptation techniques
enable these models to adjust to new environments on the fly [288]. Few-shot learn-
ing methods, such as prototypical networks [291], help detect rare pain expressions
using very little labeled data, and federated learning enables different hospitals to
collaborate on model training without sharing patient data [268]. To address data
limitations, diffusion models generate realistic pain videos for training [269]. In con-
trast, causal discovery methods focus the models on real pain signals and disregard
distracting factors such as individual identity [282]. Finally, the OMG-Pain Chal-
lenge encourages researchers to monitor how pain evolves in real-life conditions [283].
Multimodal transformers are now being used to integrate signals from facial expres-

sions, voice, and body movement through cross-modal attention [284].

Bargshady et al. [332] present a vision-transformer-based model (ViViT) that pro-
cesses facial expression video sequences to recognize acute pain, outperforming sev-
eral conventional deep-learning baselines on standard pain datasets. Holden et al.
surveys Al techniques [333] for animal pain assessment, linking species-specific fa-
cial action changes to algorithmic pipelines adapted from human facial-expression
analysis. Holden et al.  [334] described extensions of computer-vision-based fa-
cial pain detection systems toward postoperative and clinical monitoring scenarios,
emphasizing real-time deployment issues such as robustness to pose, lighting, and
occlusions. Tan et al. [335] demonstrates deep-learning—based pain detection from
facial expressions in adult patients in a clinical setting. Zhang et al. [336] evaluates
a deep learning facial pain recognition model for routine clinical assessment and

decision support.

5.2 Proposed PSA,iqeo Systems

This section provides an in-depth examination of the implementation of the pro-
posed PSAigeo System. Facial expressions play a key role in assessing pain levels,
as individual responses to pain can vary greatly. Although there are numerous
video-based pain detection algorithms, there is still room for improvement in pain
recognition techniques. Mobile applications relying on the cloud that use streaming

data and live video processing are gaining popularity. These applications typically
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consist of two main components: the front end, which runs on the mobile device,
and the back end, hosted in the cloud. The cloud enhances data processing capa-
bilities and computational power, enabling our proposed method to run complex
applications efficiently on devices with limited resources. In this chapter, we present
a PSAiqeo system, which is designed to estimate the intensity of pain based on fa-
cial expressions. The proposed system is presented in Fig. 5.2. The block diagram
shows that an end-to-end system is proposed to predict pain intensity from patient
videos. It begins with image/Video Data Preprocessing, followed by feature repre-
sentation to extract relevant characteristics. The PainCapsule model is built using
a combination of pre-trained models and an end-to-end deep learning model, where
an ensemble of deep learning models is used to improve prediction accuracy by fus-
ing features from multiple models. The final prediction model categorizes pain into
different pain classes based on increasing intensities. This comprehensive system
provides an automated and accurate solution for assessing pain levels, which aids in

clinical diagnosis and treatment planning.

In this work, the separation between the end-to-end model and the deep learning
models is based on the training strategy and usage, rather than the underlying learn-
ing paradigm. The proposed end-to-end model and ensemble models are trained from
scratch using our dataset, with feature extraction and classification jointly optimized
in a single learning process. In contrast, the pre-trained deep learning models rely
on weights learned from large external datasets and are subsequently fine-tuned or
used as feature extractors within our framework. Therefore, the distinction is made
to emphasize the difference between end-to-end training from scratch and transfer
learning—based approaches, not to imply that pre-trained models are outside the

scope of deep learning.

5.2.1 Video preprocessing

This section focuses primarily on capturing facial expressions from video data (actu-
ally from a sequence of frames). However, noise introduced during image acquisition
can degrade important textural details crucial to recognizing pain. This noise may
lead to inaccurate assessments, potentially compromising the experimental results.

To efficiently extract facial expressions, employs a tree-structured part model [296].
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data

A,

—  Feature Representation «~—| Image/Video preprocessing

Proposed PainCapsule

.

End-to-End model

y

Ensemble of .| Fusion
Deep Learning Models Techniques

*~[ Pre-trained model H T

!
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FI1GURE 5.2: Block Diagram of the proposed PSAiqeo System using PainCapsule
method.

To better understand the impact of frame preprocessing, such as facial expression
detection, a study has been conducted using video frames from two different sub-
jects, which compares the global motion changes and affects the facial region in
the frames before and after applying facial region detection. The preprocessing
performed here is similar to the previous Chapter 4, the comparison of frame differ-
ences of subject; curves before and after face detection reveals significant insights
for video analysis research. The whole frame analysis in Fig. 5.3 demonstrates rela-
tively low and uniform change scores, suggesting it primarily captures global motion
and compression artifacts with limited sensitivity to facial movements. In contrast,
the facial region analysis in Fig. 5.4 shows dramatically higher change scores with
distinct. These individual patterns for each video indicate the successful isolation of

meaningful facial dynamics. This sharp contrast validates that the isolation of the
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FIGURE 5.4: Detailed analysis of face global motion after facial expression detec-

tion for subject; of VDgiovid.

facial region significantly enhances movement detection sensitivity by eliminating

background noise and amplifying relevant facial signals. The differentiated curves in

the facial analysis, showing periodic patterns in some videos and sporadic spikes in

others, suggest that this method could enable precise characterization of individual

facial behavior patterns, micro-expressions, or biometric signatures. These findings

strongly support the incorporation of face detection as a preprocessing step in facial
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movement research, as it transforms generic change detection into a powerful tool
for analyzing subtle subject-specific facial dynamics that are otherwise obscured in

whole-frame analysis.

The change between frames is calculated with the help of the Sum of Absolute
Difference (SAD) by comparing each frame with the next one to measure how much
the frames are changing over time. First, both frames are usually converted to
grayscale and optionally resized (e.g., to 100x 100 pixels) to simplify computation.
For each pair of consecutive frames (Fi) and (Fi+1), the pixel-wise difference is
computed using the formula D(z,y) = |Fi(x,y) — Fiy1(z,y)|, where (x, y) represents
each pixel location. All these absolute differences are then summed to produce a
single change score for that transition, given by ChangeScore; = 3, D(z,y). A
low score means the two frames are similar and contain little movement, while a
high score indicates significant motion or abrupt change. Plotting these scores over
time provides a clear view of where and how strongly the frame variations occur

within a video.
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FIGURE 5.5: Detailed analysis of face global motion before facial expression de-
tection for subjecto of VDgiovid-

The comparative analysis of frame difference curves before and after face detection
Subjecty in these videos reveals critical methodological insights for facial move-
ment research. The whole frame analysis in Fig. 5.5 shows moderate change scores

with relatively uniform fluctuations across all videos, suggesting that it captures
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FIGURE 5.6: Detailed analysis of face global motion after facial expression detec-
tion for subjects of VDgiovig-

general motion but lacks specificity for facial dynamics. In contrast, the facial re-
gion analysis in Fig. 5.6 shows significantly amplified change scores with distinct
patterns for each video, demonstrating that face detection effectively isolates and
magnifies facial movement signals while suppressing irrelevant background noise.
The enhanced sensitivity reveals previously obscured individual differences in facial
behavior, particularly notable in PI3 and PIl4, which show pronounced spikes, sug-
gesting that this approach can better capture micro-expressions or subject-specific
movement patterns. These results reinforce that facial region isolation is essential
for the precise analysis of facial dynamics. Fig. 5.7 shows the facial region detection
frame-wise in the video sequence, which shows that the consistent detection of facial

region would enhance this preprocessing step for facial behavior research.

5.2.2 DLPSAideo System

This chapter utilizes two light CNNs (CNN3 and CNN, of Chapter 4) that act as
end-to-end deep learning models. Additionally, to get the benefits of real-time pat-
tern identifications, some pretrained CNN models have also been employed, which
are trained by the real-time ImageNet object classes. The combined framework of

end-to-end and pretrained CNN architectures identifies the macro and micro-facial
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:

FIGURE 5.7: Results of frame preprocessing of PSAiqeo System.
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expression patterns for the proposed pain detection system. The basic operations
inside these CNN architectures are composed of the Convolutional layer (CL), Max-
pooling layer (MPL), BatchNormalization (BN), Activation layer (AL), and Dense
layer (DeL). Once convolution is completed, the network performs pooling opera-
tions, sharing weights to obtain the learning parameters over the network [337]. Sev-
eral techniques are integrated to improve the performance of CNN model and address
the challenges of overfitting, class imbalance, regularization, transfer learning, and
fine-tuning. In addition, batch normalization, regularization, label smoothing, and
various optimization tools are used to improve the robustness of the proposed CNN
architecture. The proposed method emphasizes efficient extraction and utilization
of facial features for optimal classification of pain detection while ensuring network
stability and resilience through regularization and normalization techniques. Hence,
the proposed system uses two end-to-end CNN architectures and five pretrained
CNN models for feature extraction. Once each CNN model extracts the features
fused at the feature level, they are processed for further processing. Here, in the
successful execution of (CNN3 and CNNy of Chapter 4), the proposed Capsule ar-
chitecture has been proposed. Together with CNN3 and CNNy, the architecture of
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the proposed capsule model includes five different pretrained CNN models, such as
VGG16, InceptionV3, MobileNetV2, DenseNet, and EfficientNet. The following are

the pretrained models, which are discussed as follows:

e VGG16: This architecture is based on the CNN framework proposed at the
University of Oxford by the Visual Geometry Group [15]. The architecture
comprises 16 layers organized systematically, including 13 convolutional layers
followed by a pooling layer and three fully connected layers. Each convolutional
layer has a kernel with dimension 3 x 3. It is trained with the Imagenet [338]
dataset, which contains more than a million images. This model is consid-
ered here a pre-trained model, which computes f,4416 features from each input

image.

e InceptionV3: This architecture was proposed by Szegedy et al. in 2015 [17].
It is mainly a kind of CNN framework. Some methodologies are used to
improve the performance of the model, such as factorized convolution, la-
bel smoothing, batch normalization, and an auxiliary classifier. The model is
trained with the Imagenet dataset and is also used as a pre-trained model,

which computes the fi,ceptionvs features from each input image.

e MobileNetV2: In the year 2018 Sandler et al. proposed MobileNetV2 [339].
It is a highly efficient and lightweight convolutional neural network framework.
The model introduces the concept of linear bottlenecks with inverted residu-
als, which decreases the computation cost and the number of parameters while
maintaining accuracy. The model is remarkably efficient with limited compu-
tational resources for tasks such as object recognition and image classification.
This model is used here as a pre-trained model, which computes f,obieNetve

features from each input image.

e DenseNet: In 2017, the model was introduced by Huang et al. [340]. Mainly,
it is a kind of deep learning-based framework in which each layer is connected
to every other layer in a feed-forward manner, ensuring that information flows
sequentially from the input to the output layer. The use of a dense connectivity
mechanism helps reduce problems with respect to vanishing gradient descent
and reuse of features, resulting in the model gaining more perfection with some

specific parameters. Robust performance of the model was obtained in the case
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of different tasks, such as image classification, using various parameters and
high-level computational efficiency. This model is used here as a pre-trained

model, which computes fqensenet features from each input image.

e EfficientNet: In 2019, this model was introduced by Tan et al. [341]. Tt is
based on the CNN framework, which balances the scaling of the width of the
model, depth, and resolution to achieve enhanced performance with very few
parameters and reduced computational cost. EfficientNet uses the concept of
compound scaling to scale all dimensions within a network uniformly. This
model is also used here as a pre-trained model, which computes fegcientNet

features from each input image.

5.2.2.1 Proposed PainCapsule model

The above-discussed two end-to-end CNN architectures and the pre-trained CNN ar-
chitectures are used to build a unified framework as the deep learning-based feature
representation technique to form a PainCapsule (Fig. 5.8). In this PainCapsul,
the trained features from CNN3, CNN,, and those mentioned above, five pre-trained
models such as fygg16, finceptionvs- fmoviteNetv2s fdenseNet; a0 fefficientner, are fused.
Figure 5.8 illustrates the block diagram of the proposed pain recognition system
using PainCapsule. In the final part of PainCapsule, a 1-dimensional CNN ar-
chitecture has been proposed. In this architecture, the convolution operation is
performed using a t x t mask, followed by the application of the rectified linear unit
(ReLU) activation to the feature maps. Then, max-pooling layers are employed to
extract the important features from these rectified maps. To ensure feature consis-
tency, the important features pass through a batch normalization layer. In the final
stage, two fully connected layers are added to flatten the features, preparing them
for further processing and classification. Hence, the final classification is obtained
on the testing data using three fully connected layers and a final output Dense layer.
The fully connected layer consists of a Dense BatchNormalization, Activation, and

Dropout layer. The details of the parameters of PainCapsule are given in Table 5.1.
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FIGURE 5.8: Proposed PainCapsule architecture for DLPSA iqeo System.

TABLE 5.1: List of parameters required of the Proposed PainCapsule framework.

Layers Outputshape | Image Size Parameters
Dense (1,512) (1,512) (1 + 17640) x 512=9032192
BatchNorm (1,512) (1,512) 4 x 512=2048
Activation Re LU- (1,512) (1,512) 0
Dropout (1,512) (1,512) 0
Dense (1,256) (1,256) (1 + 512) x 256=131328
BatchNorm (1,256) (1,256) 4 x 256=1024
Activation Re LU- (1,256) (1,256) 0
Dropout (1,256) (1,256) 0
Dense (1,128) (1,128) (1 + 256) x 128=32896
BatchNorm (1,128) (1,128) 4 x 128=512
Activation Re LU- (1,128) (1,128) 0
Dropout (1,128) (1,128) 0
Dense (1,5) (1,5) (256+1) x 5=1285
Total Parameters for The Input Image Size: 9200645
Total Number of Trainable Parameters: 9198853
Non-trainable params: 1792

5.2.2.2 Proposed PainAttentionCapsule model

The attention layer has become a crucial component in deep learning architectures,
particularly in CNNs. Given that CNNs consist of multiple blocks, each with sev-
eral filter banks, they are capable of extracting more discriminative features in the
derived feature maps. Introducing an attention layer enhances these features by
focusing on the most discriminative ones. Similarly to how the human brain priori-

tizes the most important parts first, the attention layer directs attention to the most
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crucial features. The Attention Model (AM), introduced by Bahdanau et al. [101],
has since evolved into a key concept in neural network research. Over time, atten-
tion mechanisms have gained significant popularity in various domains, including
Natural Language Processing (NLP) [342], speech recognition [343], and numerous
computer vision applications [344]. This illustrates the exceptional versatility of at-
tention mechanisms, reinforcing their importance and continued relevance in driving

advancements in Al.

In our proposed PainAttentionCapsule model, the attention layer is introduced at
the feature concatenation layer of PainCapsule, followed by a fully connected layer
and an output layer. Mathematically, the attention layer is defined as: Attn(A, B, C')
softmax (%), where A, B, and C represent the query, key, and value matrices,
respectively, and d, is the dimension of the key vectors. The Softmax function nor-
malizes the attention scores in this model. This equation computes attention scores
by taking the dot product of the query matrix (A) and the key matrix (B), scaling
the result by dp, and then applying the Softmax function. The resulting attention
scores are used to weight the value (C') matrices. This attention layer is integrated
with the CNN architecture described above. The block diagram illustrating the

CNN architecture with the attention layer is shown in Fig. 5.9.
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FIGURE 5.9: Proposed PainAttentionCapsule architecture for DLPSAigeo Sys-
tem.

The effectiveness of the proposed system is influenced by various components, includ-
ing the CN N3, CN Ny, and PainCapsule frameworks. Enhancing the performance
and efficiency of these models is crucial, achieved through improved feature abstrac-
tion schemes for the proposed DLPSA ;4o system. Here, each video V; contains M

frames. During pain motion video acquisition, pain expressions appear after a few
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frames per second. It has been observed that the initial and final frames do not cap-
ture pain expressions effectively. Consequently, the primary pain expressions are cap-
tured between frames my and my;_, where k € {0,1,--- , M} represents the frame
index. For experimental purposes, features based on the PainAttentionCapsule are
extracted from 14 frames between m; and m,,_g at an interval of ¢. Each frame
yields a feature vector of dimension R'*52  resulting in a feature matrix for each

video V; represented as v € R'#*512,

5.3 Experiments and Results

In this chapter, the experiments have been conducted using two video datasets,
which are as follows:

(i) BioVid (VDgjovia): In this chapter, the BioVid dataset VDgioviq is considered
a video dataset. The description of VDgioviq is already discussed in Chapter 4. This
dataset contains 5 different classes starting with PIy to Pl (discussed earlier in
Section 4.3).

(ii) MIntPAIN (VDymtpain): The second dataset also contains the video data of
20 individuals. In the second dataset, for each individual, two trials were conducted
to capture the data, and in those two trials, 40 sweeps of pain simulation were
obtained. For each sweep, the data is captured; the first one is for No-pain or Pain
Intensity-0 (PIy), and the second trial is for capturing the data of Pain Intensity-
1 (PI,), Pain Intensity-2 (Pls), Pain Intensity-3 (PI3) and Pain Intensity-4 (Ply)
(discussed earlier). The statistics of this dataset are given in Table 5.2. The training
and testing split for the database is 50 — 50%. The sample frames of the dataset are
shown in Fig. 5.10.

TABLE 5.2: Dataset description of both VDg;oviq and VDyimepain for Approach-
1, Approach-2 and Approach-3.

Number of

Number of Subject | Number of Number | Total Number
Approach . . frame from
(Individuals) Videos . of class of Images
each Video
Approach-1 5 20 14 5 7000
Approach-2 10 20 14 5 14000
Approach-3 20 20 14 5 28000
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Pain Level 4

FIGURE 5.10: Sample video of VDymepain (5-Class).

By grouping PI; with Pl, as LowPain, and PI3 with PI, as HighPain, and re-
taining (PIy) as it represents a modified version of both VDgjoviq and VDyymepain @
combined dataset has been prepared. Fig. 5.11 and Fig. 5.12 illustrate sample video

frames from the 3-class versions of the VDgjovig and VDymepamn, respectively.

This work incorporates five pre-trained CNN architectures: VGG16, InceptionV3,
MobileNetV2, DenseNet, and EfficientNet. These architectures are used in their pre-
trained form, meaning they have already been trained on the extensive ImageNet
dataset, which contains over 14 million images across more than 20,000 categories.
Through this prior training, they have learned to recognize a wide range of patterns,
textures, shapes, and object features. As pretrained models, they come with opti-
mized weights and parameters suitable for general visual recognition tasks, allowing
us to build on their learned features instead of starting from randomly initialized

weights. Again, the pre-trained CNN models used as feature extractors can often
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FIGURE 5.11: Sample video frames from VDg;jovig (3-Class).
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FIGURE 5.12: Sample video frames from VDypipain (3-Class).

143



Chapter 5. Video-Based Pain Sentiment Analysis

yield better feature representations for each image than training a CNN model from
scratch in an end-to-end fashion. Having been trained on large, diverse datasets
like ImageNet, these models have already learned to capture a rich array of image
characteristics, including edges, textures, and shapes. This results in a robust and
well-generalized feature set that can be effectively applied to various tasks, often

achieving high performance with minimal additional training.

In contrast, end-to-end training from scratch typically requires substantial data
and computational resources and may fall short of the feature depth and quality
provided by pre-trained models, especially on smaller or more specialized datasets.
Hence, based on these facts, these pre-trained models are considered here as a feature
extractor that extracts features in the form of a feature vector corresponding to each
image or frame of the video sequence. The feature vectors are obtained from the pre-
trained models as follows: f,g516 € R*4% from VGGI16, finceptionvs € R** from
InceptionV3, fropitenervz € R™10% from MobileNetV2, fiensene:r € R7*10%* from
DenseNet, and fe icientnver € B '%?* from EfficientNet. To ensure the discriminative
power of the features extracted from these trained models, individual experiments
are conducted using the features of each model with a neural network classifier. The
performance of these models is illustrated in Fig. 5.13. From this figure, it has been
observed that the performance due to the used pre-trained CNN models lies in the
32 — 43% range of accuracies. Among these, it is also seen that f,oqeivetv2 achieves

better performance than the other pre-trained models.

f_{vog16} M f_{inceptionv3} M f_{modelNetv2} f_{denseNet}
W f_{efficientNet}
43
T 40.39
41
39 741
37 |
g +
= 35
g 1
S 33
Z I
[X) 41
= 3 T
29 331 32,
27 |
25 L
Accuracy F1-Score

FiGURE 5.13: Performance for DLPSAigeo System using pretrained models for
VDgiovid (Approach-1).
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FI1GURE 5.14: Performance for DLPSA igeo System using end to end CNN models
for VDBioVid (Approach—Q).

This experiment will justify the performance of the proposed PainCapsule model,
which has been implemented by employing both end-to-end and pretrained CNN
models. Here, based on the findings from end-to-end and pretrained CNN models,
the performance of the proposed PainCapsule framework is evaluated. In this setup,
two end-to-end trained architectures, CNN3, and CNNy, are utilized alongside five
pre-trained CNN architectures: f,g16 € R4 from VGG16, finceptionvs € R 2048
from InceptionV3, fmopiienetve € R¥10%* from MobileNetV2, fiensene:r € RYP10%4
from DenseNet, and fefficientver € R from EfficientNet. These seven models
are used as feature extractors for each image or video frame. From the CNNj and
CNNy models, the feature vectors fonn, € RY512 and fonn, € RY512 are extracted
from each facial image. Then, an F'C'N architecture is employed after the feature-
level fusion to address the 3- or 5-class pain detection problem using the frameworks
illustrated in Table 5.1. This integrated framework, which combines multiple feature
vectors from the end-to-end and pretrained CNN models, offers a greater potential
to capture more discriminative features and accurately classify them into predefined
categories. This comprehensive approach is referred to as the Capsule framework
and, specifically, as PainCapsule when applied to pain-level detection. Fig. 5.14,
and Fig. 5.15 show the individual performance of end-to-end and pre-trained CNN

models using facial expressions from 5-10 subjects (Approach 1 to Approach 2) pain

145



Chapter 5. Video-Based Pain Sentiment Analysis

detection problem using both VDgjoviq and VDyiepain respectively.
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FI1GURE 5.15: Performance for DLPSA ige, System using end to end CNN models
for VDMIntPAIN (ApprO&Ch—Q).

From these figures, it has been observed that the performance of the end-to-end
trained models outperforms the pretrained ImageNet CNN models. This improve-
ment is primarily due to the superior ability of the end-to-end models to extract
and discriminate texels in facial images accurately. These models are specifically
trained using multi-resolution and manually adjusted CNN blocks, such as Con-
volution, Max-pooling, batchNormalization, and Dropout layers, allowing them to
capture finer details in the facial expressions. In contrast, the pre-trained ImageNet
models extract features based on generalized patterns like shapes, blobs, and edges,
which are more suitable for object detection rather than the subtle features needed
for facial expression analysis. To utilize the strengths of both approaches, features
extracted from the end-to-end models and the ImageNet-trained CNN architectures
are combined using a feature fusion technique. The performance of the PainCapsule
framework using the VDgjoviq is summarized in Table 5.3, showing results for differ-
ent approaches: Approach 1 (considering image samples from 5 subjects), Approach
2 (10 subjects), and Approach 3 (20 subjects). Similarly, the performance of the

PainCapsule framework on the VDyuparn is summarized in Table 5.4.

The experiment using the PainAttentionCapsule model is organized into three dis-
tinct stages. The first stage focuses on the extraction of features using a CNN. A

large collection of frames from training videos is fed into CNN, where the network
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TABLE 5.3: Performance of the DLPSA iqeo System using VDsgjovig with different

approaches.
Approach Models Accuracy | F1-Score | Precision | Recall
End-to-end 48.34 47.13 47.39 47.67
Approach 1 | Trained-network 39.43 37.62 37.47 38.56
PainCapsule 51.56 49.85 49.65 50.71
End-to-end 61.47 59.72 60.22 60.35
Approach 2 | Trained-network 58.11 56.51 57.34 57.16
PainCapsule 63.61 62.29 62.17 62.47
End-to-end 64.55 63.67 64.36 63.83
Approach 3 | Trained-network 60.51 59.62 59.28 59.74
PainCapsule 65.75 64.38 64.46 64.62

TABLE 5.4: Performance of the DLPSAiqeo system using VDyintparn with dif-
ferent approaches.

Approach Models Accuracy | F1-Score | Precision | Recall
End-to-end 46.81 45.53 45.23 47.64
Approach-1 | Trained-network 43.56 41.13 42.19 43.17
PainCapsule 46.12 45.72 45.87 46.46
End-to-end 50.45 48.71 48.76 49.38
Approach-2 | Trained-network 45.71 43.89 43.28 44.53
PainCapsule 51.89 49.35 48.74 50.26
End-to-end 53.35 51.89 52.62 52.21
Approach-3 | Trained-network 47.89 45.72 46.33 46.72
PainCapsule 53.71 52.06 52.41 52.94

is trained to learn spatial patterns by adjusting the weights within its convolutional
filters. The PainAttentionCapsule model (Fig. 5.9) is used in this stage, acting
as a feature extractor to identify relevant features that indicate varying levels of
pain intensity from each video frame. In the second stage, the extracted features of
each frame are passed into an LSTM network. The LSTM is designed to capture
temporal dependencies across the sequential frames, enabling the model to under-
stand how pain expressions evolve. By processing the sequential data, the LSTM
ensures that the dynamic aspects of pain intensity are incorporated into the feature
representation. The final stage is dedicated to classifying the test videos into one of
five pain intensity levels. Using the aggregated features from the LSTM, the system
predicts the appropriate pain class for each test video. This three-stage approach,

combining spatial feature extraction, temporal modeling, and classification, ensures
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a comprehensive understanding of pain intensity, enhancing the accuracy and ro-

bustness of the system in detecting pain levels.

The feature matrices for each video

TABLE 5.5: The LSTM architecture summarization and its parameters for the

DLPSA,igeo System.

Layer | Output Shape | Parameters
LSTM (None, 256) 787,456
Dropout (None, 256) 0
Dense (None, 128) 32,896
Dense (None, 5) 645
Total parameters: 820,997
Trainable parameters: 820,997
Non-trainable parameters: 0
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FiGURE 5.16: Demonstration of confusion matrix in percentage as the perfor-
mance measure for the DLPSA;4e, system for 3-Class problem.

are processed through an LSTM architecture to classify pain intensity into five levels,

allowing the detection of pain intensity for each patient from V;. A 50-50% training-

testing split is applied in each approach. For Approach-1, 250 videos are used for
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3-class problem.

TABLE 5.6: Performance of the LSTM model using VDgijoviq and VDyntpain for

3-class Problem
No. of Subject \ Accuracy \ F1-Score \ Precision \ Recall
VDsiovid
5 69.14 66.6 66.48 66.76
10 83.07 81.01 81.07 81.03
20 86.49 85.75 86.05 85.6
VDmintpaIN

5 68.61 67.21 67.53 68.69
10 70.64 69.93 69.57 70.55
20 72.53 70.84 70.61 71.38

training and 250 for testing. In Approach-2, 500 videos are used for training and 500
for testing. Similarly, in Approach-3, 1,000 videos are used for training and 1,000
for testing. The LSTM architecture and its parameters are illustrated in Table 5.5.
The experiment with this LSTM architecture is performed in two ways. In the first
experiment, a 3-class system has been introduced, which combines VCy + V(5 as
Low Pain (MV(Cy) and VCy + VCjy as High Pain (MV C5), while VC} remains the
same and is renamed as MV (. For VDgiyiq, accuracy improves from 69.14% (5
subjects) to 86.49% (20 subjects), with consistent gains in precision, recall, and F1-
score, demonstrating better performance with more subjects. The VDypain shows
slightly lower but stable performance (68.61% to 72.53% accuracy), with low Pain
consistently being the best-classified category (F1-score: 66.62-85.75% in VDgiovid,
67.21-70.84% in VDpympain). Fig. 5.16 and Table 5.6 reveal that high pain classifi-
cation improves with larger datasets, while MV (' remains the most challenging to
distinguish, particularly from high pain to low pain. Both databases exhibit similar
trends, with VDg;ovia generally outperforming VDyipain, likely due to differences
in data collection or labeling protocols. From the consistent structure, we are able to
directly compare between databases and subject groups, highlighting the robustness
of the 3-class simplification for pain assessment, while the second experiment is per-
formed considering actual 5-Classes, the confusion matrix in Fig. 5.17 and Table 5.7
describes that the performance with VDgioviq in terms of accuracy is increased from
54.31% to 65.64% and for VDyimipain is from 56.46% to 58.81% with the increased
number of subjects from 5 to 20. From these confusion matrices, it has been ob-

served that, like the DLPSA;;,44e System, the DLPSA ;4eo System has also achieved
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FIGURE 5.17: Demonstration of confusion matrix in percentage as the perfor-
mance measure for the DLPSA ;qe, System for 5-Class problem.

better performance, and it is due to the proposed PainAttentionCapsule model.

TABLE 5.7: Performance of the LSTM model using VDg;ovia and VDynepain for

5-class problem.

5-class problem
No. of Subject \ Accuracy \ F1-Score \ Precision \ Recall
VDsiovid
5 54.31 53.87 55.49 54.32
10 64.41 63.92 63.69 64.43
20 67.83 67.29 67.08 67.54
VDwMintpaIN
5 56.46 55.95 56.55 56.17
10 D7.47 56.92 58.81 57.29
20 58.81 D7.85 59.49 58.52

The performance of the proposed system is compared with various state-of-the-art
techniques for 5-Class VDgiovia and VDymipain. Some of these existing methods,
like Xiang et al. [305], Dimitra et al. [306], and Werner et al. [65] methods deal

with hand-crafted and some of them deal with deep learning based feature repre-

sentation approaches. These methods enlisted here are considered famous feature

representation approaches for different applications based on computer vision like
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scene understanding, object segmentation, object recognition, biometrics, etc. In
this chapter, these SoA methods are executed from their description available in the
papers with video samples of the 5-Class VDgioviq and VDynepan and testing is done
by maintaining a similar training-testing protocol like the proposed system. Compar-
isons are conducted based on five different multiclass pain levels, such as Vi, Vs,
Vs, VCy, and V5. The comparative performance of these methods is reported in
Table 5.8 for the 5-Class VDgiovia and VDyimepain, and it is observed that the pro-
posed system outperformed other competing methods. It compares how well these
methods perform when looking at pain in pairs (like VC; vs. VC5) and in a full mul-
ticlass setup. Older or more traditional methods, such as Yuille [305], Simos [306],
Traue [65], Zhi [345], and Haque [346] generally perform well. However, the proposed
models, especially PainCapsule and PainAttentionCapsule do a much better job.
In fact, PainAttentionCapsule stands out as the best performer, reaching the high-
est accuracy: 67.83 on VDgijoviq and 58.16 on VDyypain, beating PainCapsule,
which is second with scores of 65.75 and 53.23, respectively. These results high-
light the effectiveness of the proposed PainCapsule and PainAttentionCapsule in

improving pain classification performance.

TABLE 5.8: Performance comparison of the proposed DLPSAjqeo system of this

chapter.
VDBgiovid
Method VCivs. VCy | VCy vs. VC3 | VCy vs. VCy | VCy vs. V(5 | Multiclass
Yuille [305] 26.81 29.83 37.42 42.17 23.39
Simos [306] 23.52 25.19 27. 13 35.51 21.14
Traue [65] 54.10 57.29 65.11 71.78 31.51
Zhi [345] 32.73 33.82 36.17 36.68 31.29
Haque [346] 33.28 34.47 36.21 38.86 32.05
PainCapsule 59.32 65.51 68.03 76.55 65.75
PainAttentionCapsule 61.15 67.33 70.14 78.13 67.83
VDMintpAIN
Method VCivs. VCy | VO vs. VC3 | VCy vs. VC, | VO vs. V(5 | Multiclass
Yuille [305] 24.76 28.04 35.26 41.16 22.18
Simos [306] 21.79 23.56 26.37 34.21 20.27
Traue [65] 52.46 55.84 63.41 69.26 30.62
Zhi [345] 31.32 33.16 35.28 37.14 29.92
Haque [346] 32.54 33.87 35.71 38.29 30.77
PainCapsule 59.51 55.17 58.42 56.62 53.71
PainAttentionCapsule 52.09 56.14 59.17 57.17 58.81
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5.4 Conclusions

This chapter implements the video-based PSA,qeo System. Here, facial expressions
also play a key role in assessing pain levels. The implementation of this system
begins with the preprocessing of video frames, where a frame is an input image that
undergoes the image pre-processing task to extract the facial portion as a region
of interest. The extracted facial region undergoes the DLPSA iqeo System. This
system utilizes two end-to-end CNN models (CNNj3 and CNNy of Chapter 4), and
five different pre-trained CNN models, such as VGG16, InceptionV3, MobileNetV2,
DenseNet, and EfficientNet. Then, these end-to-end CNN architectures and the
pre-trained CNN architectures are used to build a unified framework as a deep
learning-based feature representation technique to form a PainCapsule. Again, the
concept of attention layer has been introduced with PainCapsule model to build
the PainAttentionCapsule model. Both models are built and experimented under
DLPSA ;geo system and tested on VDpjovig (BioVid), and VDyyepan (Multimodal
Intensity Pain (MIntPAIN)) datasets. Through experiments and results, it has been
observed that the PainAttentionCapsule based DLPSA 4o system has achieved
outstanding performance compared to all other competing methods. In this chapter,
the PainAttentionCapsule based DLPSA 460 System is considered as the prediction
model for the video-based pain sentiment analysis. This system will mitigate the
limitations of PSAjmage Systems, providing valuable insights on variations in pain
levels. This comprehensive system provides an automated and accurate solution for

assessing pain levels, which aids in clinical diagnosis and treatment planning.

This chapter shows that both novel approaches outperform conventional techniques,
establishing video-based analysis as the most effective solution for accurate pain sen-
timent assessment. Considering all the previous chapters and the current chapter, it
is observed that pain sentiment analysis provides better and more authentic analysis
about the pain of different patients. To further improve the performance of the pain
detection models presented in this thesis, additional modalities may be incorporated.
This integration aims to build a multimodal pain detection framework, which will

be explored in detail in the next chapter.
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Multimodal-Based Pain Sentiment

Analysis

In this chapter, Multimodal-Based Pain Sentiment Analysis (MPSA) Systems have
been proposed with different combinations of multimodal data. MPSA systems play
a vital role in assessing pain, which is both subjective and complex. These systems
combine multiple data sources, such as facial expressions, vocal tones, and textual
descriptions, to improve pain detection. The MPSA systems integrate data from
various sources and offer a comprehensive approach to customize this data to detect
pain sentiment. When the data comes from a single source, there exists correla-
tion within different modalities of data. In the case of a real problem, when the
data comes from a single subject, the post-classification fusion ensure more accu-
rate evaluation. Although the multi-modal inputs originate from different sources,
the post-classification fusion remains meaningful because the modalities are com-
plementary and temporally aligned representations of the same underlying event
or subject state. In real-world scenarios, heterogeneous sensors (e.g., text, audio,
and visual-based sources) are commonly deployed in parallel, and each modality
captures distinct aspects of the same phenomenon. Post-classification fusion allows
each modality-specific model to independently learn discriminative patterns within

its own feature space, while the fusion stage aggregates their class-level confidence
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scores to produce a more robust and reliable final decision. This strategy is partic-
ularly suitable when the modalities have different sampling rates, noise character-
istics, or missing data, as it avoids early-stage feature incompatibility and reduces
error propagation. Therefore, even though the inputs are acquired from different
sources, their fusion at the decision level reflects realistic multi-sensor deployments
and improves generalization in practical applications. This holistic analysis allows
the system to categorize the levels of pain intensity. In healthcare, an MPSA sys-
tem follows a comparable approach, particularly valuable in e-healthcare systems,
that includes many medical services, including hospitals, clinics, doctors, nurses,
telemedicine, medical devices, and health insurance services [79]. These electronic
healthcare systems utilize speech recognition, textual recognition, and video facial
expression analysis to assess a patient’s pain condition remotely by offering a more
efficient and cost-effective way to assess and address patient needs. Gaur et al. [347]
proposed a method that shows integration of multimodal data helps to reduce the
dependency on self-reports, especially for patients who are unable to communicate,
such as those with severe cognitive or physical impairments. By incorporating diverse
data modalities, these MPSA systems improve reliability, as according to Werner et
al. [348], relying on a single data type can be unreliable due to individual differences
or situational factors. The challenging issues of these MPSA systems are (i) Data
synchronization, and (ii) Modalities fusions. Here, in order to ensure accurate and
coherent fusion, data gathered from many modalities, including text, audio, images,
and video, are semantically aligned. This process is the data synchronization. This
alignment improves the overall performance and reliability of the multimodal pain
analysis by allowing the system to interpret pain-related cues consistently across

various data sources.

Following data synchronization, fusion techniques are employed to integrate the out-
puts of individual unimodal systems, namely, text, audio, image, and video, into a
unified multimodal pain detection system. In pre-classification fusion, features ex-
tracted from each modality are concatenated into a high-dimensional vector, which
is then passed through a fully connected neural network for joint feature learning
and classification. This approach requires building a new prediction model based
on the combined features from all modalities. In contrast, post-classification fusion
operates on the outputs of independently trained unimodal models and combines

their predictions at the score or decision level without the need for retraining or
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redesigning a new model [349]. Empirical evidence suggests that post-classification
fusion often achieves better performance in multimodal systems due to its ability
to retain the strengths of specialized models and reduce feature-space complex-
ity [350, 351]. Accordingly, this study adopts post-classification fusion techniques
for the proposed MPSA system. Here, two post-classification fusion techniques have
been implemented, (i) score-level fusion and (ii) decision-level fusion [352, 353]. A
comprehensive discussion of the data synchronization and fusion methodologies is
presented in this chapter, and the overall block diagram of the MPSA system is
illustrated in Fig. 6.1.

The organization of this chapter is as follows. Section 6.1 discusses the existing
literature on multimodal pain analysis. In Section 6.2, our MPSA systems have
been discussed. The experimental results have been demonstrated in Section 6.3.

Finally, Section 6.4 is the concluding section of this chapter.
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6.1 Literature Review

Multimodal data integrates information from diverse sources such as text (e.g., pa-
tient self-reports), audio (e.g., vocal stress patterns), visual inputs (e.g., facial ex-
pressions), and physiological signals (e.g., heart rate). This integration offers a
more comprehensive and reliable understanding of complex phenomena, such as
pain, which is inherently subjective and emotion-laden [354]. In multimodal pain
assessment, combining emotional cues from text, vocal features from speech, and fa-
cial expressions from video enables a more objective and accurate evaluation of pain
levels. Such systems address the limitations of unimodal methods, such as self-report
biases, and promote personalized healthcare, for example, by differentiating between
acute physical pain and emotional distress or tailoring interventions based on richer
patient profiles [355]. Werner et al. [356] have provided a comprehensive survey
on automatic pain recognition systems, underlining the critical role of multimodal
approaches in detecting nuanced emotional states. Behavioral indicators like grimac-
ing, eye closure, and wincing are highly correlated with procedural pain in clinical
settings [357], and facial expressions have been identified as strong markers of nega-
tive emotions relevant to pain evaluation [358]. In real-world applications, sentiment
analysis tools are increasingly used to remotely monitor patients’ facial expressions,
providing clinicians with enhanced insight into their emotional and physical well-
being [79]. Overall, pain assessment remains a cornerstone of clinical care, essential

for both treatment planning and evaluation of therapeutic outcomes [116].

Traditionally, self-assessment tools such as verbal numerical rating scales or visual
analogue scales have served as the gold standard for pain reporting [359]. However,
several vulnerable patient populations—including those who are physically immo-
bile, terminally ill [360], critically ill but communicative [66], or psychologically
distressed [361]—often face significant challenges in consistently self-reporting their
pain. Patients with cancers of the head, neck, or brain may especially require reli-
able technological support to facilitate pain detection and reporting, thereby easing
the burden on healthcare professionals. In response, sentiment analysis systems
have been adapted to support various medical and psychological conditions such as
Parkinson’s disease and depression, employing facial expression analysis to detect

emotional states and intent. These systems process multimodal data—including
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text, images, and video—using neural network-based models to identify affective
patterns and classify emotional states [52]. However, traditional natural language
processing (NLP) techniques frequently fall short in capturing the complex, multi-
modal nature of pain, which is rarely conveyed through text alone. Pain expression
often involves a combination of vocal tone, facial micro-expressions, gestures, and
physiological signals. Consequently, integrating textual, auditory, and visual inputs
enables a more holistic and accurate analysis of pain-related sentiment. Among these
modalities, visual indicators—particularly facial expressions and gestures—serve as
some of the most direct and observable signs of pain [358]. Addressing these needs,
we propose a multimodal sentiment-based pain analysis framework [32] that aims to
detect, classify, and interpret emotional and behavioral manifestations of pain in a

clinically meaningful way.

Contemporary healthcare systems increasingly rely on multimodal physiological sig-
nals for more accurate and comprehensive pain analysis [82]. Textual data con-
tributes both as a channel for explicit pain reporting—via descriptive terms such as
‘sharp’ or ‘throbbing’—and as an implicit behavioral marker through linguistic style
variations, such as changes in pronoun usage or verb tense, which have been shown
to correlate with pain intensity and chronicity. Audio signals, including vocal and
respiratory biomarkers, offer real-time indicators of physiological stress responses.
Features such as pitch variability, rhythm, jitter, shimmer, and speech pause dura-
tions provide measurable evidence of nociceptive processing through vocal cord and
respiratory patterns [83]. Visual data in the form of static images captures discrete
behavioral cues like facial expressions and facial action units (AUs); for instance,
AU4 (brow lowering) and AU6/7 (orbital tightening) provide standardized evidence
of pain-induced muscle contractions [84]. Video-based modalities enhance this fur-
ther by capturing dynamic and spatiotemporal patterns of facial behavior, including
micro-expression timing (onset, apex, offset) and coordinated facial muscle move-
ments that static images fail to convey—especially useful in diagnosing pain-related
movement disorders [19]. Importantly, pain expression varies significantly across de-
mographic and clinical contexts, as observed by Williams et al. [362]. Liu et al. [363]
demonstrated the broad applicability of multimodal pain assessment in areas such as
postoperative monitoring, chronic pain management, and mental health evaluation.
Fusion-based machine learning models, as discussed by Poria et al. [364], further

improve classification accuracy by utilizing the complementary strengths of multiple
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modalities. Moreover, Chen et al. [365] emphasized that the objectivity inherent
in multimodal systems helps mitigate bias, enabling fairer and more reliable pain

assessment across diverse patient populations.

Recent research has increasingly focused on utilizing deep learning techniques to
integrate diverse pain-related modalities for more accurate and robust assessment.
For example, Zhang et al. [254] proposed an intelligent system that employs atten-
tion mechanisms to selectively focus on salient features within facial video streams
and physiological signals for pain intensity estimation. Similarly, Gruss et al. [366]
developed a multimodal framework that effectively integrates various temporal data
streams for pain recognition, significantly outperforming unimodal systems in consis-
tency and reliability. Practical applications of these systems are emerging in clinical
environments. Thiam et al. [367] introduced a multimodal post-operative pain mon-
itoring tool that analyzes facial expressions and biosignals, yielding pain predictions
closely aligned with clinical assessment. For chronic pain management, Lu et al. [368]
explored a wearable sensor-based system combined with mobile reporting, enabling
remote monitoring and intervention. Schmidt et al. [369] highlighted issues of bias
and fairness in pain datasets, advocating for more inclusive and ethically designed
Al systems. Li et al. [370] emphasized the necessity of implementing robust privacy-
preserving mechanisms in Al-driven healthcare applications. Looking forward, fu-
ture directions may include the development of lightweight, edge-compatible archi-
tectures [371] and explainable AT models [372] to improve transparency and clinician
trust. Additionally, integrating multimodal pain sentiment analysis with electronic
health records (EHRs) [373] holds promise for delivering highly personalized, real-
time clinical care. Overall, multimodal pain analysis stands as a comprehensive and

transformative approach that bridges technology.

6.2 MPSA Systems

The proposed MPSA systems [135] represent an emerging interdisciplinary domain
that integrates affective computing, medical informatics, and multimodal machine
learning to assess pain-related sentiment and emotional states [374]. These systems

process heterogeneous data modalities, including text-based inputs (e.g., pain diaries
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and social media posts), audio-based features (e.g., speech pitch and vocal tone),
and video-based cues (e.g., facial Action Units from the Facial Action Coding Sys-
tem). Unlike traditional unimodal methods, multimodal approaches accommodate
the multifaceted and subjective nature of pain by capturing complementary affective
information in distinct channels [375]. Recent advances in deep learning, particu-
larly attention-based fusion networks, enable the effective integration of temporal
and semantic features from different modalities [376]. Despite their promise, these
systems face notable challenges, such as modality alignment, handling missing data,
and interpretability within clinical contexts [377]. Nonetheless, MPSA systems show
strong potential in applications including chronic pain monitoring, post-surgical pain
management, and mental health assessment [367]. Furthermore, ethical considera-
tions related to patient privacy and algorithmic bias in pain assessment continue
to warrant focused research [378]. The implementation of the proposed MPSA sys-
tem requires data synchronization as well as post-classification fusion, which are

discussed below.

6.2.1 Data Synchronization

In this chapter, the proposed Multimodal Pain Sentiment Analysis (MPSA) Sys-
tem is developed using sample datasets from three modalities: text, audio, and
video. These datasets, sourced from varied environments and domains, represent
pain-related content and are described in detail in their respective chapters. In
practical scenarios, it is often unrealistic to assume the availability of all modalities
for a given subject or condition. This creates inherent challenges in synchronizing
such heterogeneous data within a unified framework. The complexity is further am-
plified by the modality-specific difficulties in data acquisition and recognition, such
as linguistic ambiguity in text, variability in vocal signals, and occlusions or light-
ing inconsistencies in video, which have been comprehensively discussed in Chapter
1. Acknowledging these challenges, this chapter introduces the development of an

MPSA system that addresses the multimodal synchronization problem.

Data synchronization is a crucial step that ensures different types of data, such as

text, audio, and video, are aligned in time, allowing them to be analyzed together [45,
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377]. Fig. 6.2 illustrates the data synchronization technique employed for the pro-
posed MPSA system. This figure illustrates the process of creating a multimodal
dataset by synchronizing and combining two unimodal datasets. Each unimodal
dataset contains samples from the same set of classes (pain levels). Through data
synchronization, the samples corresponding to the same class from both datasets
(e.g., hy number of samples from Dataset 1 and k; from Dataset 2 for the i class)
are aligned. These synchronized samples are further employed in multimodal sys-
tems, where they are typically concatenated to form a unified representation, e.g.,
h; x k; samples belong to the i** class. This results in a multimodal dataset where
each class instance is enriched with information from both modalities, enabling more

robust and accurate classification by utilizing the complementary strengths of each

data type.
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FI1GURE 6.2: Data synchronization model employed in this work.

For an example, a video is synchronized based on its frame rate, audio is divided

into short time windows that match the video frames, and text features are linked
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to speech segments or specific time intervals [379, 380]. Methods like Dynamic
Time Warping (DTW), interpolation, and attention-based alignment are used to fix
timing mismatches between these data types [381]. These methods also help deal

with problems like missing data or different sampling speeds.

6.2.2 Modalities Fusion

This chapter focuses on the modalities of text data, audio data, and video samples.
Image data has not been separately considered, as video frames inherently include
image content. Moreover, for real-time applications, these selected modalities are
more suitable and representative for dynamic pain detection systems. Since for
the proposed MPSA system, the post classification fusion techniques have been
employed, so, the best prediction models obtained for the considered modalities
from the corresponding chapters have been considered here for the experimentation.

The list of these prediction models have been reported in Table 6.1.

TABLE 6.1: List of best prediction model considered for the MPSA system.

Modality System Best prediction Declared model
model
Text DLPSAtemt fbilstm ftea:t
Audio DLPSAaudZ’O DLPSAaudiO faudio
Video DLPSA i4eo | PainAttentionCapsule fuideo

So, the fiext, faudio, and fuigeo trained models are used to obtain the classification

scores when testing these models with the corresponding test data types. Here,

suppose a text data t undergoes to fies, it predicts T'Cy,--- ,T'C), scores of n-class
pain problem. Similarly for an audio test data a, the f,,q, derives ACY,--- , AC,
scores of n-class pain problem, and for a video data v, f,igeo produces VCy,--- VO,

scores of n-class pain problem. So, these scores are fused together to make the final

decisions.

e Sum Score Level Fusion (SSLF): In SSLF, at first, the classification score
of each model is obtained, then scores of the corresponding classes are added.
Here, the SSLF for the three MPSA Systems is defined as:
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i) AV; = (AC; + VC)), Vi
iii) TAV; = (TC; + AC; + VC}), Vi

e Product Score Level Fusion (PSLF): In PSLF, at first, the classification
score of each model is obtained, then the scores of the corresponding classes
are multiplied. Here, the PSLF for the three MPSA Systems is defined as:

e Weighted Sum Product Score Level Fusion (WSSLF): In WSSLF, at
first, the classification score of each model is obtained, then the scores of the
corresponding classes are weighted-multiplied summed. Here, the WSSLF for
the three MPSA Systems is defined as:

1) TAZI<'UJ1 XTCZ'—FUJQ XACZ'), \V/’l, ngl,wQ S 1, U)1+U)2:1
11) AV;I (w1 X AC1+U}2 X VCZ), \V/’l, ngl,wQ,S 1, W1 + Wo = 1

111) TAV; = (w1 X TCZ + wg X ACz + w3 X VC,L), V’l, 0 < Wy, W2, W3 < 1,

w1+w2+w3:1

e Decision-level fusion (DLF): It is also called a late fusion technique used in
multimodal systems where the outputs from individual models—each trained
on separate data modalities such as text, audio, or video—are combined to
make a final decision. In this chapter, the considered modalities include text
data, audio signals, and video sequences. Accordingly, the models f;.,; for
DLPSAcst, faudio for DLPSA  u4i0, and fiigeo for DLPSA ;400 are trained sep-
arately on their respective data types. For a given test sample, each model
outputs a binary decision corresponding to the presence (Bj) or absence (By)

of pain-related sentiment.

Let us consider pain level is ‘Low Pain (PI;)’; a text sample ¢ passed through
fritstm yields a binary outcome T'By or T'By with respect to the pain level ‘Low
Pain (PI;)’; an audio sample a evaluated with f,,4;0 produces ABy or AB;
with respect to the pain level ‘Low Pain (PIy)’; similarly, a video sample v

processed by fyigeo Tesults in V By or V By with respect to the pain level ‘Low
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TABLE 6.2: Types of MPSA systems.

Fused System Involved Modalities
MPSA7, System | DLPSA.: + DLPSA  u4i0
MPSA 4y System | DLPSA .40 + DLPSA i4c0
MPSA7 4y System | DLPSA;..; + DLPSA  u4i0 + DLPSA jideo

Pain (PI;)’. These modality-specific binary decisions are then integrated using
decision-level fusion techniques, such as majority voting or rule-based logic, to
arrive at the final prediction outcome of the proposed MPSA system. The
majority voting is one of the most widely used decision-level fusion techniques
in multimodal systems due to its simplicity, robustness, and interpretability.
In the context of pain sentiment detection, where binary classification is per-
formed across heterogeneous modalities (text, audio, video), majority voting
allows the system to arrive at a final decision based on the consensus of in-
dividual model predictions. This method is particularly effective when the
modalities contribute comparably and may occasionally be affected by noise
or missing information. Majority voting helps mitigate the influence of any
one unreliable modality, making it a suitable choice for clinical and real-world
applications [353]. So, in this thesis, the OR-ing-based technique has been
adopted. This method does not sum class scores; instead, it relies on individ-

ual binary predictions to form a consensus.

In this chapter, three types of MPSA systems have been proposed, which are listed
in Table 6.2. To design a multimodal system, PSA;;,,4. System (Chapter 4) is not
considered; instead, we consider video. Since video-based pain detection using facial
expressions is more suitable for real-time applications than image-based approaches.
Video enables the capture of dynamic changes in facial muscle movements associated
with pain expressions, which static images may fail to detect. Moreover, video-
based recognition offers a more practical solution for real-world scenarios such as
clinical monitoring, assistive technologies, and remote healthcare systems. These

multimodal systems are discussed as follows

1. MPSA+, System: In MPSA+ 4, fusion is performed between the DLPSA ..

163



Chapter 6. Multimodal-Based Pain Sentiment Analysis

System and the DLPSA .4i» System using some fusion approaches. As uni-
modal systems, both DLPSA..; and DLPSA 4, have certain limitations. In-
dividuals who are illiterate may find it difficult to express their pain through
written comments, but can communicate effectively through vocal expressions.
Conversely, individuals with speech impairments may not be able to convey
their pain vocally but can describe their experience through written text. To
address these complementary limitations and improve the overall system per-
formance, the DLPSA;.,; System is fused with the DLPSA,,4, System. The
details of DLPSA,.,; and DLPSA, .4, Systems have already been discussed in
Chapters 2 and 3, respectively. These chapters cover the complete pipeline,
including data preprocessing, feature extraction, classification techniques, and
performance evaluations. In MPSA7,, the best performing models f;.,; and
faudio have been employed for the above score-level and decision-level fusions.

The block diagram of this system has been shown in Fig. 6.3.

Input text Input audio
DLPSA,  System DLPSA_ ... System

> MPSA_, System

l

Detected Classes
FIGURE 6.3: Block Diagram of the proposed MPSAr4 system.

A

2. MPSA 4, System: The MPSA7, system is capable of detecting pain from
both text and audio inputs; however, it has certain limitations. Elderly pa-
tients often face difficulties in expressing their pain through writing or may
lack the vocal strength required to convey emotions effectively. Moreover, it
is sometimes challenging to distinguish genuine vocal expressions of pain from
acted ones. To overcome these issues, facial expressions in the form of video

data have been incorporated through the DLPSAS, ;4o System, resulting in an
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enhanced framework referred to as MPSA 4y,. Chapter 5 provides a detailed
overview of the DLPSAS, ;4o System, covering the entire pipeline including
data preprocessing, feature extraction, classification, and experimental evalu-
ation. Several models are assessed, and the best-performing model is selected
for integration into MPSA 41, to improve its accuracy and reliability in pain

assessment. The block diagram of this system has been shown in Fig. 6.4.

Input audio Input video
DLPSA_ . System DLPSA ., System

A

> MPSA , System

l

Detected Classes
FIGURE 6.4: Block Diagram of the proposed MPSA 4y system.

3. MPSA~,y System: This system offers advantages over MPSA+ 4 and MPSA 4y
by incorporating three different data modalities, thereby enabling more com-
prehensive pain level identification. MPSA7 4, has been developed by inte-
grating the MPSAr,4 and MPSA 4,. Among the various models evaluated,
the best-performing model has been selected and incorporated into MPSA7 4y
to enable more accurate and temporally-aware pain severity assessment. The

block diagram of this system has been shown in Fig. 6.5.

In this thesis, three multimodal PSA systems have been proposed, such as MPSA4System
(Multimodal system combination of Text and Audio), MPSA 4y System (Multimodal
system combination of Audio and Video) and MPSAr 4y System (Multimodal sys-
tem combination of Text, Audio and Video) (refer to Table 6.2 of the revised the-
sis). From these multimodal systems it has been observed that the performance of
MPSA 4y System is better than MPSAz4System, and the performance of MPSA-
TAV System is much better than MPSA 41 System and MPSA74System. There
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Input text Input audio Input video
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DLPSA__ System DLPSA System DLPSA System

text audio video

MPSA.,,, System

'

Detected Classes

FIGURE 6.5: Block Diagram of the proposed MPSA7 4y system.

is cumulative performance improvement has been seen from MPSAr4System to
MPSA 4y System to MPSA7 4y System. While the use of Multimodal system combi-
nation of Text and Video has a drop-off performance in the cumulative performance
growth. At the same time, the possibility of getting data of same patient is more

challenging than the considered other three multimodal systems.

PSA .4i0Systems has been used as the bridge between PSA;..;Systems and PSA,;4.,Systems,
it has also been observed that the fusion combination with only Text and Video re-

duces the performance; thus, this combination has not been included.

6.3 Experiments and Results

By using the above fusion techniques, the following multimodal systems have been

experimented and validated.

6.3.1 MPSA;,4 System

In the MPSA74 system, the prediction model f;.,; of PSA;.,: is employed to com-
pute classification scores for test samples from 7D, (3-class problem with class
distributions: T'Cy: 2120, TCy: 1354, T'Cy: 2526) and T Dy, (5-class problem with
TC,—TC5: 100 samples each). Accordingly, fi..s produces class-wise score vectors
(t1,ta,t3) for each 3-class sample and (1, t9, t3, 14, t5) for each 5-class sample. Simi-

larly, the prediction model f,,4i0 Of PSA4u4i0 is used for audio-based pain sentiment
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classification over ADvyag (3-class: AC;: 265, ACy: 136, AC3: 141) and ADgavpEss
(5-class: AC): 48, ACy—ACy: 192, AC5: 96). The model fu.,qi0 generates correspond-
ing class score vectors (ag, as,az) and (aq, as, as, ayq, as) for the respective classifica-
tion tasks. During score-level fusion (SLF), the score vectors from text and audio
modalities for a given sample belonging to the same pain class category are com-
bined using fusion strategies such as SSLF, PSLF, and WSSLF, as discussed earlier.
This approach is applied to both 3-class and 5-class problems. The detailed perfor-
mance analysis of these SLF techniques under the MPSA74 system is presented in
Table 6.3. The performance metrics presented in this table clearly demonstrate the
effectiveness of various pain sentiment analysis (PSA) systems across both 3-class
and H-class classification tasks. Among all systems, the proposed weighted score level
fusion (WSSLF) technique consistently achieves the highest performance across all
metrics, with an Fl-score of 98.14% and 97.72%, and an accuracy of 98.90% and
97.79% for 3-class and 5-class tasks, respectively. This indicates the robustness and
generalizability, confirming that the WSSLF technique provides more accurate and
balanced predictions for the MPSAr4 system. Fig. 6.6 shows confusion matrices
for 3-class and 5-class MPSA7 4 system using WSSLF technique. The performance
of the MPSAr,4 system using the DLF technique has also been demonstrated in
Table 6.3, which highlights that the DLF technique surpasses both unimodal ap-
proaches by achieving near-perfect precision, recall, F1-score, and accuracy values

in both classification scenarios, with a perfect score of 99.99% in the 5-class task.

TABLE 6.3: Performance of MPSA7 4 System.

Svst Accuracy ‘ F1-score ‘ Precision ‘ Recall | Accuracy ‘ F1l-score ‘ Precision ‘ Recall
ystem 3-class 5-class
PSAtext 68.59 68.34 67.71 69.52 73.22 74.77 72.58 75.31
PSA.udio 98.05 97.24 96.72 98.38 97.84 96.39 96.18 98.13
SSLF 95.24 94.69 94.88 94.5 97.52 96.96 97.15 96.77
PSLF 96.06 95.34 94.77 95.91 97.60 97.03 97.22 97.84
WSSLF 98.90 98.14 98.20 98.08 97.79 97.72 97.91 97.53
DLF 98.88 98.88 98.88 98.88 99.99 99.99 99.99 99.99

6.3.2 MPSA 4y system

In the MPSA 4 system, the audio-based prediction model f,.qi0 from PSA, .40 iS

utilized to generate classification scores for test samples from the datasets ADyivag
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FIGURE 6.6: Illustration of 3-class and 5-class confusion matrices in percentage
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(b) Confusion matrix for 5-class

for the MPSA7 4 system using WSSLF technique.

and ADgavprss. This model produces class score vectors of the form (aq,az,as)
and (aq, ag, as, ay, as) for the respective 3-class and 5-class classification tasks. Simi-
larly, the video-based prediction model fyigeo from PSA ;qe0 is applied to the VDgioviq
dataset for pain sentiment classification, generating class-wise score vectors (vy, vg, v3)
for the 3-class setting (V' C;: 2800, V Cy: 5600, V C5: 5600) and (vq, v, vs, v4, v5) for
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the 5-class setting (V C1-V C5: 2800). During the score-level fusion (SLF) stage, the
corresponding score vectors from the audio and video modalities each representing

the same pain class are integrated using fusion strategies such as SSLF, PSLF, and
WSSLF, as previously described.

TABLE 6.4: Performance of MPSA 4 System..

Svst Accuracy ‘ F1-score ‘ Precision ‘ Recall | Accuracy ‘ F1-score ‘ Precision ‘ Recall
ystem 3-class 5-class
PSA.udio 98.05 97.24 96.72 98.38 97.84 96.39 96.18 98.13
PSAideo 86.49 86.19 86.54 86.00 65.64 65.51 66.41 65.63
SSLF 97.82 97.17 97.23 97.09 94.45 93.77 93.17 94.34
PSLF 98.14 97.39 97.45 97.33 95.22 94.50 95.94 95.06
WSSLF 99.13 98.62 98.68 98.56 98.26 97.03 96.45 98.61
DLF 99.99 99.99 99.99 99.99 97.66 97.66 97.66 97.66

Table 6.4 shows the results of SSFL, PSFL, and WSSFL techniques for the MPSA 4y
system. From this table, it has been observed that the performance comparison
among the Score-Level Fusion (SLF) strategies SSLF, PSLF, and WSSLF within the
proposed MPSA 4y system highlights the progressive impact of increasingly sophis-
ticated fusion mechanisms. The SSLF (Simple Score-Level Fusion) method yields
competent results (Precision: 97.23%, Recall: 97.09%, F1-Score: 97.17%, Accuracy:
97.82%), but its lower test set performance (Accuracy: 94.45%) suggests limited
adaptability to unseen data. The PSLF (Parametric Score-Level Fusion) improves
upon this with higher generalization capability (Accuracy: 95.22%), likely due to its
ability to weigh scores based on learned parameters. The best results are achieved
by the WSSLF (Weighted Score-Level Fusion), which effectively balances the con-
tribution of modalities based on their confidence or reliability, achieving top scores
across both validation and test sets (Accuracy: 99.13% and 98.26%), respectively).
These results justify the adoption of WSSLF as the most effective SLF technique,
offering enhanced robustness and predictive reliability for the MPSA 4y system. Ta-
ble 6.4 shows the results of the MPSA 41 system using the decision level fusion
(DLF) technique. This table shows that in the 3-class scenario, the system achieves
near-perfect performance with 99.99% in precision, recall, Fl-score, and accuracy,
indicating highly consistent and precise predictions. Even in the more challenging
5-class classification, the system maintains strong results with all metrics uniformly
at 97.66%. These results demonstrate that the DLF-based MPSA 4y framework

effectively combines complementary information from audio and video modalities,
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leading to enhanced robustness and generalization. The superior and stable perfor-
mance across both classification tasks validates the efficacy of decision-level fusion
in multimodal pain sentiment analysis. Fig. 6.7 shows confusion matrices for 3-class

and 5-class MPSA 4y system using WSSLF technique.
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0.64 0.76

Class, Class, Class3

Predicted Label

(a) Confusion matrix for 3-class

Class, 0.35 0.35
_ Class, 0.52 0.21
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&=  Class, 0.21 0.36 0.46
Class, 0.27 0.38 0.31 0.22
Class1 Class2 Class3 Class4 Class5
Predicted Label

(b) Confusion matrix for 5-class

FIGURE 6.7: Illustration of 3-class and 5-class confusion matrices in percentage
for the MPSA 4y system using WSSLF technique.

6.3.3 MPSATAV System

In the MPSA 74y system, the prediction model fiext of PSAjcst, faudio from PSA . ugio,

and fyigeo from PSAyiqeo are combined togather using score level fusion (SLF), and
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decision level fusion (DLF). In case of SLF techniques for MPSA74 and MPSA 4y
systems, it has been observed that in both these systems, the weighted-sum score
level fusion (WSSLF) technique outperforms. So, for the MPSA7 4y system, the per-
formance of the proposed system concerning WSSLF and DLF techniques results
have been demonstrated in Table 6.5. This table shows the performance results for
the MPSA74y system using two distinct fusion strategies, WSSLF for score-level
fusion and DLF for decision-level fusion, demonstrating the effectiveness of multi-
modal integration for pain sentiment classification. When employing WSSLF', the
system achieves high precision, recall, Fl-score, and accuracy across both 3-class
(up to 99.67%) and 5-class (up to 99.56%) tasks, indicating reliable and consistent
performance through the weighted combination of audio, video, and text modality
scores. However, with DLF, MPSA7 4y attains near-perfect results, reaching 100%
across all metrics for 3-class classification and 99.99% in the 5-class scenario. This
substantial improvement highlights the superiority of decision-level fusion in cap-
turing complex inter-modal dependencies by leveraging the final predictions from
each unimodal classifier. Overall, the results confirm that both fusion approaches
significantly enhance model performance, with DLF offering the most accurate and
robust solution for multimodal pain sentiment analysis. Fig. 6.8 shows confusion

matrices for 3-class and 5-class MPSAr4 system using WSSLF technique.

TABLE 6.5: Performance of MPSA7 4y System.

Accuracy | Fl-score | Precision | Recall | Accuracy | Fl-score | Precision | Recall

System
3-class 5-class

PSA ext 68.59 68.34 67.71 69.52 73.22 74.77 72.58 75.31
PSA udio 98.05 97.24 96.72 98.38 97.84 96.39 96.18 98.13
PSAideo 86.49 86.19 86.54 86 65.64 65.51 66.41 65.63
WSSLF 99.35 99.21 99.53 99.67 99.16 98.79 99.31 99.56
DLF 100 100 100 100 99.99 99.99 99.99 99.99
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FiGURE 6.8: Illustration of 3-class and 5-class confusion matrices in percentage
for the MPSA 74y system using WSSLF' technique.

6.4 Conclusions

This chapter introduces Multimodal-Based Pain Sentiment Analysis (MPSA) Sys-
tems, which demonstrate improved performance over the previously developed uni-
modal PSA Systems. The development of these systems begins with the integration
of three individual modalities: PSAiext, PSAaudio, and PSA iqeo. The rationale be-
hind combining these modalities is that text inputs, audio features, and video cues
capture complementary affective information across different channels, which is es-
sential for addressing the multifaceted and subjective nature of pain. Based on this,
three distinct MPSA systems—MPSA7 4, MPSA 4y, and MPSA+4,—have been pro-
posed. These systems are designed to effectively handle data synchronization and
multimodal fusion. To ensure reliable and accurate fusion, the data from all consid-
ered modalities are semantically aligned, thereby enhancing the ability of the system

to consistently interpret pain-related cues across varied input sources. This semantic
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alignment improves both the reliability and performance of multimodal pain senti-
ment analysis. Given the dynamic nature of pain detection, post-classification fusion
techniques have been employed in this chapter, specifically score-level fusion (SLF)
and decision-level fusion (DLF). Fusion is performed using the best-performing pre-
diction models from each unimodal system. Experimental results show that the
Weighted Sum Score Level Fusion (WSSLF) technique provides the most accurate
and balanced predictions across the MPSA74, MPSA 4/, and MPSA7 4 systems.
Among them, the MPSAr 4, system consistently outperforms the others, benefit-
ing from the integration of all three modalities—text, audio, and video. Similarly,
under the decision level fusion strategy, MPSA7 4y again achieves the highest perfor-
mance. The comparative performance of the fusion techniques is further analyzed
with respect to several key aspects, including input type, granularity, flexibility,
interpretability, computational cost, and suitability. These findings underline the

uniqueness and robustness of the proposed MPSA systems.

The implementation of the MPSA system presented in this chapter significantly en-
hances the overall performance and robustness of the pain sentiment analysis frame-
work proposed in this thesis. By integrating the best-performing prediction models
from the unimodal systems developed in previous chapters, this chapter constructs a
comprehensive multimodal system. This system effectively addresses several critical
challenges associated with pain sentiment analysis, such as modality-specific limi-
tations, ambiguity in emotional expression, and inconsistencies across input types.
Through rigorous experimentation on diverse and real-time PSA datasets, the MPSA
system demonstrates superior accuracy and generalizability. These results validate
the effectiveness of the multimodal approach in delivering a reliable and scalable
solution for automated pain assessment. The conclusions and overall contributions

of this thesis are summarized in the following chapter.
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Chapter 7

Conclusions and Future Scope

This thesis offers a thorough exploration of pain sentiment analysis by systemati-
cally examining four modalities—text, audio, image, and video—to develop effective
pain assessment systems. The process begins with text-based analysis, where con-
ventional feature extraction techniques such as Bag of Words (BoW) and Term Fre-
quency-Inverse Document Frequency (TF-IDF) are considered, as well as advanced
deep learning models like LSTM and BiLSTM are considered. While text data
provides rich subjective information about patients’ pain experiences in their own
words, it faces limitations in capturing nonverbal cues and is affected by cultural
and linguistic variations in pain expression. Among the evaluated methods, the
BiLSTM model (DLPSA;. System) emerges as the most effective for text-based
classification, highlighting the importance of capturing semantic meaning in pain

descriptions.

To address the limitations of text-based analysis, this thesis proposes audio-based
pain sentiment analysis, which leverages vocal biomarkers such as pitch modulation,
disrupted speech rhythm, and voice instability. The integration of statistical, MFCC,
and spectral features with fully connected network classifiers (DLPSA,.4i0 System)
outperforms conventional machine learning methods, offering real-time, non-invasive
capabilities crucial for telemedicine applications. However, audio analysis continues
to face challenges in distinguishing genuine pain from deceptive vocal expressions,

highlighting the need for additional modalities to enhance reliability.
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The challenges of audio-based systems lead to the development of image-based anal-
ysis, where facial expressions serve as observable physiological indicators of pain.
The combined use of various deep CNN architectures provides greater resistance to
manipulation, though it comes at the cost of limited capacity to process the tempo-
ral evolution of pain. Further, to resolve the temporal limitations of static images
while building, we strengthen the analysis system by considering video. Proposed
PainCapsule and PainAttentionCapsule (DLPSAigeo System) models, improve
the performance in comparison to PSA;y . This approach effectively captures spa-
tiotemporal expressions of pain and offers the most comprehensive and realistic pain

assessment among all the methods evaluated.

The progressive enhancements observed in text, audio, image and video-based anal-
yses individually emphasize the importance of integrating diverse data types into
a unified system through multimodal fusion techniques. Such integration signifi-
cantly strengthens the robustness and suitability of the system. To achieve this,
both score-level and decision-level fusion methods are applied to combine informa-
tion from different modalities. Among the proposed systems, the multimodal pain
sentiment analysis system MPSAray consistently delivers the best performance by
effectively utilizing the combined strengths of text, audio, and video inputs. The

results highlight the distinctiveness and reliability of the proposed MPSA systems.

Ultimately, this thesis demonstrates that multimodal pain sentiment analysis of-
fers one of the most reliable and comprehensive approaches to pain assessment. By
addressing the limitations of individual data modalities through complementary in-
formation sources and innovative modeling techniques, this work establishes a strong
foundation for future advancements in autonomous pain recognition systems. The
contributions made in this study are significant for both the scientific field of af-
fective computing and the practical domain of healthcare, paving the way for more
objective and real-time pain assessment tools that can improve patient care and

outcomes across diverse clinical settings.
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7.1 Future Research Directions

Looking ahead, there are many promising directions for future research in multi-
modal pain sentiment analysis. Future work can explore better ways to detect and
remove fake pain expressions by using additional signals like heart rate or skin re-
sponses. Creating larger and more diverse datasets that include people from different
backgrounds and pain types can help make the models more reliable. Developing
Al models that can clearly explain their decisions will also help gain trust in clinical
use. Protecting patient information is another important issue, and future efforts
will focus on improving data privacy. In addition, this multimodal approach can be
extended to other areas such as emotion detection and mental health assessment,

showing the wider usefulness of the methods developed in this research.
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