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Abstract  

Understanding emotions is critical for supporting behavior and therapy in individuals with 

cognitive disabilities such as Down syndrome. However, accurately recognizing emotional 

states in this population remains a challenge due to subtle or atypical facial expressions. This 

study investigated automatic emotion recognition and assessment in children with Down 

syndrome undergoing Dolphin-Assisted Therapy (DAT). This work contributes to the 

development of personalized, data-driven tools to support therapeutic interventions in special 

needs populations. We proposed three approaches: An image-based approach that involved 

training raw images on a custom convoluted neural network, a feature-based approach that 

combined semantic emotion scores from DeepFace with geometric facial landmarks extracted 

via Mediapipe and combined approach of CNN embeddings and the features extracted. The 

CNN model trained on raw images only achieved 76% accuracy. The models trained on the 

feature set performed as follows; Random Forest: 62%, Support Vector Machine :59%, Multi-

Layer Perceptron:50% and Dense Neural Networks:50%. Finally, the hybrid model (CNN with 

Dense fully connected layer) achieved the highest accuracy of 84%. 

The results show that combining these complementary features improves classification 

performance, offering a more objective and interpretable method for assessing emotional 

engagement during therapy.  
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Chapter 1 Introduction 

1.1 Background 

Recognizing and interpreting emotions is fundamental to human interaction and 

experience, yet it is particularly challenging to a select few who have communication 

barriers, such individuals with Down syndrome. Cognitively and mentally atypical persons 

can often demonstrate a unique emotional expression profile, which can make it hard to 

interpret. The main reason is that traditional emotion recognition methods primarily rely on 

verbal cues or typical visual cues. As society pushes for more inclusive and adaptive 

systems, emotion detection and recognition are becoming increasingly important across 

different disciplines such as human-computer interaction (HCI), adaptive learning systems, 

mental health monitoring and clinical therapy.  

Within therapy, emotional assessment remains crucial especially for children with 

Down syndrome (DS), as it not only helps clinicians and caregivers understand the child’s 

emotional state but also significantly contributes to the overall well-being. Some common 

emotional assessment methods are facial expression analysis, physiological signal 

monitoring, and behavioral observation. (Antonarakis et al,2019). 

Several therapeutic approaches are used to support children with DS, including 

speech therapy, occupational therapy, and music therapy. One of the new therapies: Dolphin-

Assisted Therapy (DAT), has gained attention for its potential benefits in improving 

emotional engagement and cognitive function. In fact, Zambrano (2018), asserted that 

interactions with dolphins can enhance social skills, reduce anxiety, and stimulate sensory 

processing in children with developmental disorders. Dolphin Sound Therapy on the other 

hand has been explored for its calming effects on children with DS. While promising, further 



   

 

2 

research is necessary to establish the long-term efficacy of these therapies in improving 

emotional and cognitive outcomes in children with DS. 

The past few decades have seen a steady increase in the development of algorithms 

capable of detecting and analyzing emotions through a range of data sources such as facial 

expressions, speech, body language (gesture) and physiological signals such as ECG and 

EEG. (Mahalakshmi, 2017). At the moment, facial expressions, which is visual, is the most 

used modality in emotion detection systems. How they work is by utilizing deep learning 

models to map the position or change in facial muscles to a particular emotion. 

Instead of relying on a single mode of detection, there are new approaches that 

consider the complexities and variability of human emotions. Oviatt’s Multimodal 

Interaction Theory laid the groundwork for this shift by emphasizing the importance of 

combining different sensory inputs. Despite advances in emotion detection there is still a 

gap in the development of such algorithms that are tailored for individuals with down 

syndrome. (Oviatt & Cohen, 2015) 

Following the appreciation of the complexities of human emotion, machine learning 

research has moved from simplistic models to more complex, hybrid approaches. Deep 

learning frameworks have been used for both unimodal and multimodal approaches, 

particularly neural networks. Additionally, significant advancements have been made in the 

development of datasets for emotion detection and classification. (Paredes, Caicedo-Bravo, 

& Bacca, 2023). Early datasets primarily focused on single modalities such as facial 

expressions (e.g., CK+ and FER2013), speech signals (e.g., RAVDESS and EMO-DB), and 

physiological signals like electroencephalography (EEG) (e.g., DEAP and SEED). (Zhang, 

Zhang, & Li, 2018). 



   

 

3 

 The use of neural networks in emotion detection has really expanded our 

understanding of how emotions work in atypical individuals. For example, one study in 

2015 used a multi-modal approach and explored the relationship between physiological 

arousal, facial expressions, and self-awareness in emotional experiences of children with 

autism spectrum disorder (Jain et al., 2015). However, emotion detection comes with its 

own set of challenges. Modeling complex emotions is difficult due to the very nature of 

emotions. Human emotions are dynamic; they overlap and are heavily influenced by 

individual differences meaning they will vary from one person to the next. Another 

challenge lies in limited data for certain demographics, such as children with Down , which 

restricts current model’s generalization. Lastly, how to effectively combine the different 

modalities is still a challenge due to variations in the signals and synchronization issues. 

More research is needed to address the gaps. 

1.2 Problem Statement   

Children with Down Syndrome often face difficulties in expressing and regulating 

emotions due to their unique emotional barriers, which can lead to frustration and behavioral 

issues. There is therefore a great need to develop more comprehensive tools to assist 

caregivers such as clinical therapists in identifying emotional cues for effective support and 

care. (Esbensen et al., 2024). This is the main gap being addressed in this study. 

Most (current) emotion detection systems rely on facial expressions and vocal cues, 

which may not be fully dependable for children with Down syndrome due to their atypical 

emotional expressions and communication delays. Furthermore, existing research and 

technologies do not adequately address the emotional variability and complexities in this 

population, leaving a gap in understanding their real-time emotional responses during 

therapy. (Moreno Escobar et al., 2023; Paredes et al., 2022).  
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1.3 Objectives   

1.3.1 General Objective  

To develop an emotion assessment system using deep learning for children with 

Down Syndrome to that can accurately detect and interpret emotional states during Dolphin 

Assisted Therapy 

1.3.2 Specific Objectives  

i. To review existing emotion recognition and assessment approaches and their 

implementations. 

ii. To design an emotion assessment model considering different modalities for 

children with Down Syndrome 

iii. To develop the designed emotion assessment model using deep learning for children 

with Down syndrome 

iv. To validate the developed model  

1.4Research Questions 

i. What are the existing emotion recognition and assessment approaches and 

implementations?  

ii. How can an emotion assessment model considering the identified modalities for 

children with Down Syndrome be designed?  

iii. How can the designed emotion assessment model for children with DS be developed 

using deep learning?  

iv. How can the developed model be validated?  

1.5Justification   

Paredes et al. (2023) asserts that effective therapy relies on understanding the 

emotional state of a patient which in turn assists the therapist to connect and adapt their 
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approach. For children with Down Syndrome, who often exhibit atypical emotional 

expressions or delays in emotional responses, a deep learning model can more accurately 

capture their emotional state which can be useful for tailoring therapeutic interventions. For 

individuals with various disabilities, control, regulation, knowledge, and expression of 

emotions can improve their quality of life.  

Such an algorithm should equip therapists with valuable insights into the emotional 

state of children with DS, enabling them to develop effective strategies to facilitate the 

completion of assigned activities. Additionally, this emotional assessment throughout 

therapy can aid in identifying patterns or triggers that may impact the child’s progress, 

allowing for timely adjustments in the treatment plan which can gown a more supportive 

and empathetic therapeutic environment (Rodrigo-Claverol et al., 2020).  

1.6 Scope and Limitations   

This study only focused on the development of an emotion assessment model for 

children with Down Syndrome during Dolphin Assisted Therapy. The study did not cover 

vocal cues, text-based and physiological modalities in detail due to resource limitations; 

specifically, limited availability of such data. This study considered both unimodal (single-

source) and multimodal (multiple-source) approaches and compared them to determine the 

optimal approach. As this research was centered around Dolphin Assisted therapy / Dolphin 

Sound Therapy as the testing environment, the model's generalizability in other therapeutic 

environments may require further validation and adaptation.  
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Chapter 2 Literature Review 

2.1 Introduction  

Emotion recognition and assessment involves analyzing behavioral and 

physiological signals to classify emotional states. Research in this field has evolved 

significantly, with early studies demonstrating the effectiveness of using facial expressions, 

speech patterns, and physiological signals for emotion detection. Advances in machine 

learning have further enabled the development of models that analyze facial expressions, 

vocal tone, and neurophysiological signals, offering deeper insights into emotional 

responses in children with Down syndrome. 

2.2 Theoretical Literature Review  

This section reviewed the relevant theories that form the foundations of design and 

development of emotion recognition systems with a focus on facial emotion modelling. It 

also explored how these theoretical perspectives can be adapted for children with Down 

Syndrome to bridge the emotional and communication gaps that exist.  

2.2.1 Theories of Emotion   

Psychologists define emotions as a state of belief which manifest as a change in 

psychology which in turn causes a physical change. Human emotion is a conscious appraisal 

which involves physiological arousal and expressive behavior. (Lerner et al., 2015) The 

main theories of emotion can be grouped into three main categories.: Physiological, 

Neurological and Cognitive. The Physiological category consists of the James-Lange and 

Cannon-Bard Theory and proposes that emotions are a function of what happens within. 

Neurological theories such as Facial Feedback and Cognitive appraisal theories argue that 

the brain is responsible. Finally, the last category brings in the relationship between 
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cognition and emotions. These theories can further be grouped under two models for 

analyzing emotions; Categorical Models and Dimensional Models. (Mahalakshmi, 2017)  

2.2.1.1 Categorical Emotion Models  

Categorical Emotion Models depict emotions as discrete states such that, at a 

particular point in time, the emotion which is selected is that which best represents the 

feelings being conveyed. This model makes use of labelled emotions according to the Basic 

Emotion theory which proposes six primary emotions: happiness, sadness, anger, fear, 

surprise and disgust. (Ekman et al., 1969). While most of the research in the field of 

Affective computing uses the above set of emotions there are some that have moved to more 

‘domain-specific’ labels. An example is the replacement of fear and disgust with boredom 

or irritation in the learning and gaming domain as it better suits the application context. The 

biggest drawback of such models is that the boundaries that come with classification 

oversimplify the complexity of human emotions. Due to the dataset and the simplicity of 

these models, this is the model that the developed solution is based on. 

2.2.1.2 Dimensional Emotion Models  

Dimensional models link various effects in a common dimensional space. It may be 

two dimensional; arousal and valence or three dimensional: arousal, valence and power. 

Plutchik presents a model that uses the activation-evaluation dimension which informs the 

emotion wheel. The Mehrabian model uses PAD; Pleasures -Arousal-Dominance. Here the 

dominance domain is like the valence in Russell’s model and assesses the level of control a 

person has with regard to the state they are in. Although this approach does not associate an 

affect with a labelled emotion, it has the advantage of capturing finer emotion concepts and 

therefore covers a wider range of emotional states. It also shows the relationship of various 
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emotional states within that dimensional space. For example, the figure below shows the 

distribution of emotions within the Arousal-Valence Domain. (Mehrabian & Russell,1974) 

Figure 2.1. Distribution of Emotions around the 2D Arousal-Valence (Mahalakshmi, 

2017)  

This study preferred to go with the Categorical model which has its roots in the Basic 

Emotion Theory proposed by Ekman because of the simplicity of discrete emotion which 

facilitated easier classification and consequent comparison between different emotional 

states.  

2.2.2 Facial Emotion Modelling and Recognition   

Emotion recognition refers to the process of identifying and interpreting human 

emotions through various modalities, such as facial expressions, gestures, voice, text, body 

language, and physiological signals through EEG and ECG. Building on foundational 

theories like Ekman’s basic emotion theories, traditional systems have relied heavily on 

facial expressions to classify emotions. These systems use computer vision algorithms to 

detect facial landmarks and classify expressions into predefined emotional categories. 

(Ekman, 1969) 
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The last few years have seen an increase in the application of emotion recognition 

in the fields of medicine (particularly psychology and clinical therapy) and affective 

computing. This can be attributed to research that supports the growing importance of 

accurately identifying emotions to understand the influence they have on diseases and vice 

versa. An example is that in psychology, the manic episode exhibited by a patient with 

bipolar disorder are being examined as extreme expressions of basic emotions such as 

happiness and sadness.  

For facial emotional modelling, emotion recognition involves two crucial steps: 

feature extraction and classification. Feature Extraction involves the identification of 

features or attributes specific to a given emotional expression while classification maps the 

features into the labelled categories or classes of emotional expression. (Guo,2024) 

2.2.2.1 Modelling Facial Expressions   

Facial expression recognition uses various computer vision techniques to analyze 

key facial landmarks and map them to specific emotions. One popular method for this is the 

Facial Action Coding System (FACS), which categorizes facial muscle movements into 

Action Units (AUs).  As developed by Paul Ekman and Wallace V. Friesen in 1978, FACS 

is a anatomically based system for describing all visible facial movements. As a way of 

standardizing facial expressions across different people ,  It breaks down facial expressions 

into individual muscle movements. 

FACS has already been widely used in research and as the basis for real applications. 

For example, Liu et al. (2020) reviewes how FACS has been applied to study human 

emotional reactions to consumer products. Additionally, Breuer and Kimmel (2017) 

explored how deep learning models interact with FACS. 
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Lien et al. (1998) was one of the earliest works to propose a method that recognizes 

facial expressions by identifying these Action Units, by analyzing both upper and lower 

facial movements. However, despite the progress made in automating this coding system, 

there are still challenges when it comes to accuracy and reliability, For instance , Cohn et 

al. (2019) discussed the potential pitfalls of automated FACS coding stating  factors such as 

facial expression variability, subtle and complex movements and data limitation. The paper 

further highlighted the need for thorough validation to avoid misinterpretations in emotional 

research. 

An older technique is Principal Component Analysis (PCA). It was introduced by 

Karl Pearson in 1901. This statistical technique works by reducing the dimensionality of 

facial images without compromising essential features. Each facial image is converted into 

a high-dimensional vector which undergoes a series of function to extract the 

principal(main/essential) components.  The upside is that instead of storing the full images, 

only the Eigenface values are stored.  

In their 2001 study, "A Principal Component Analysis of Facial Expressions," Calder 

et al. examined facial expressions from the Ekman and Friesen (1976) collection using PCA 

to understand the structure behind facial expressions. Their findings showed that PCA could 

support facial expression recognition effectively. The conclusion revealed that the 

components used for coding facial expressions are different from those used for facial 
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identity. These techniques cannot be used without adaptation to certain populations; as to 

improve the overall accuracy of emotion recognition systems. 

Figure 2.2 Facial Action Units AU1 to AU28(Jacintha et al., 2019) 

This showed that the PCA system's recognition rates for individual expressions were 

comparable to human rates, supporting the effectiveness of PCA in modeling facial 

expression recognition. (Calder et al., 2001).  
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2.2.2.2 Modelling Multiple Modalities   

Multimodal Emotion Recognition combines data from multiple modalities such as 

facial expressions, physiological signals, speech, body movements to identify the correct 

emotional state. There is an increase in the development of emotion recognition systems 

that incorporate various forms of data, such as the ones discussed in the previous section in 

a bid to create systems that are more comprehensive and optimized (J. Pan et al., 2024; 

Vazquez-Rodriguez, 2021; Yang et al., n.d.) .  

Figure 2.3 Simple multimodal framework for Multimodal Emotion Detection 

A key challenge when dealing with multiple modalities lies in identifying the weight 

a particular modality carries when providing information about a certain emotion. Another 

typical issue is that multimodal data is usually processed separately. According to, for proper 

multimodal analysis, the signals must be considered mutually dependent and must therefore 

be combined in a contextual manner at the end. When combining multimodal data, inter-

modality, cross-modality and missing data should be taken into consideration. (Pawłowski 

et al., 2023)  
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2.2.3 Fusion Techniques  

Fusion techniques are essential for integrating information from multiple modalities 

in emotion recognition systems. There are two primary fusion techniques: early and late 

fusion.  

2.2.3.1. Early Fusion  

In early fusion, also known as low level fusion, raw data (in form of vectors) are 

combined at the feature extraction stage before classification. This method captures the 

interdependence between modalities at an early stage. The advantage of early fusion is that 

data processing is more comprehensive. The challenge associated with this technique is that 

it can lead to high-dimensional datasets which make selecting appropriate features difficult. 

(Pawłowski et al., 2023). 

2.2.3.2. Late Fusion   

Late fusion, also known as high level fusion, involves the processing of each 

modality independently and then combining the outputs at the decision-making stage. 

Compared to early fusion, this method is less demanding (computationally), but the 

drawback is that it may miss cross-modal interactions that could be significant. Late fusion 

is modular and therefore fault tolerant; if a modality fails, the system can still rely on another 

modality. Additionally, different models can be tailored for each modality allowing for 

specialized processing techniques for each data type. (Zhang.et al, 2020) 

2.2.3.3 Hybrid Fusion   

As the name suggests, this technique combines both aspects of early and late fusion 

techniques. The data from various sources is first processed to extract relevant features. 

These features can be concatenated and then fed into separate models for further analysis. 

The outputs of these models can then be combined to make final predictions, allowing for 
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both the exploitation of inter-modal relationships and the independent strengths of each 

modality. Hybrid techniques have been applied to medical imaging where MRI, CT, and 

PET provide complimentary information. The challenge is in the implementation and the 

computational demand, especially in real time applications. (Sahu & Vechtomova, 2019) 

2.3 Empirical Literature Review  

The empirical literature review provides an analysis of existing research in emotion 

recognition, particularly in neurodiverse populations such as children with Down syndrome. 

In addition to exploring various methodologies, algorithms, and feature extraction 

techniques, it also covers the unique emotional expression patterns of individuals with 

Down syndrome. 

2.3.1 Overview Down syndrome.  

Down Syndrome or Trisomy 21 is a genetic condition characterized by the presence 

of an abnormal number of chromosomes in a cell. Instead of the typical diploid number of 

chromosomes (46 in humans, arranged in twenty-three pairs), they have aneuploid cells with 

an extra chromosome present. (Boato et al., 2022).  

There are several hypotheses surrounding the cause of this occurrence. The gene 

dosage imbalance hypothesis states that it is due to an increased number of genes in 

chromosomes which disrupts development. There is also the critical region hypothesis 

which highlights specific chromosomal areas, particularly 21q21.22, which are associated 

with various clinical features of Down syndrome. Research points out that both the critical 

region hypothesis highlights specific chromosomal areas, particularly 21q21.22, which are 

associated with various clinical features of Down syndrome. Research shows that both 

multiple genes and multiple critical regions can contribute to the phenotypical traits of the 

disorder. (Antonarakis et al., 2020; Esbensen et al., 2024)  
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2.3.1.1 Clinical Features  

Several clinical conditions are associated with DS as it affects different systems of 

the human body ranging from intellectual, neurological, congenital, gastrointestinal, and 

facial features, among others.. The figure below shows some of the characteristic facial and 

physical features of children with DS.  

Figure 2.4 A drawing of the facial features of Down Syndrome contributed by the 

Centers for Disease Control and Prevention, National Center on Birth Defects and 

Developmental Disabilities (Public Domain) (Akhtar & Bokhari, 2023)  

Congenital Heart Defects (CHD) are the most prevalent; 50% of babies born with 

DS have CHD. For neurological disorders, they are present with reduced brain volume 

which affects motor development, joint laxity and muscle development. Almost all patients 

with DS have difficulties in learning and memory. 

2.3.1.2 Treatment and Management of DS   

There is no known cure for DS, treatment is based on presented symptoms. A 

multidisciplinary approach is taken to manage the conditions that these individuals have. 

This includes karyotyping, parental/guardian education and awareness, pediatric, 

gastroenterologist, neurologist, and psychiatrist care. Children with DS benefit from 
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occupational, physical, speech and behavioral therapy as well as special education. Recent 

advances in healthcare and technology have significantly increased the rate of survival for 

cases of DS but they still have a shorter life expectancy compared to healthy individuals. 

(Antonarakis et al., 2020; Esbensen et al., 2024)  

2.3.1.3 Social and Emotional Development   

Children with DS often face social challenges stemming from their cognitive and 

developmental deficiencies. Research supports the idea that they may fail to grasp social 

cues, language and emotions which affect their relationships. Together with behavioral and 

sensory challenges may make navigating social interactions an issue. (Sideropoulos et al., 

2023) A cross-sectional study involving 6-year-olds that compared the social capabilities of 

healthy children and those with DS found that the latter were generally deficient. The study 

found that they had more social problems attributed to their language impairment. 

Therefore, they are often observed to rely on non-verbal communication such as facial 

expressions or gestures to communicate as their language and speech still develops. (Day et 

al., 2022)  

2.3.2 Applications for Facial Emotion Recognition  

Emotion recognition plays a crucial role in affective computing, enabling machines 

to interpret and respond to human emotions. FER can be spatial or spatiotemporal. The 

former uses a single frame to extract the AUs while spatiotemporal captures the facial 

actions within a temporal domain to capture the dynamic features. Certain studies have 

exploited dynamic features which use motion pictures from history; used a combination of 

appearance and motion from local information and developed Harr features which are 

dynamic. Most of the studies that have been done have  utilized a whole video sequence 

containing a single expression.  



   

 

17 

For instance, Zhang et al. (2019) proposed a spatiotemporal approach for FER using 

a combination of facial landmark tracking and temporal feature extraction techniques. The 

study showed the movement of facial landmarks across frames significantly enhanced 

emotion classification performance in emotions like surprise and fear. This greatly 

outperformed static models by capturing the motion dynamics in facial expressions. 

Nguyen et al. (2020) also investigated the effectiveness of combining spatial and 

temporal features in FER, using deep learning methods. They developed a hybrid 

architecture that combined both Convolutional Neural Networks ( for spatial feature 

extraction) and LSTM (Long Short-Term Memory) networks for temporal feature 

extraction, using video data from the well-known AFEW dataset. The hybrid approach also 

outperformed purely spatial methods in detecting emotions such as happiness and sadness, 

especially in much longer video sequences, where temporal context played a more 

significant role . 

Spatial FER has evolved due to such advanced approaches and the different datasets 

that have been curated such as the Cohn-Kanade (CK), AFEW and Facial Expression 

Recognition 2013, FACES (Agung et al., 2024; Guo et al., 2024; Jacintha et al., 2019). As 

explored in 2.2.2.1, facial expression recognition analyzes key facial landmarks to correlate 

them to a specific emotion. 

2.4 Review of Architectures of Emotion Recognition Systems   

Recognition systems, also known as pattern recognition systems, are designed to 

classify and identify features or patterns in data. These systems have been widely used in 

various fields, such as handwriting recognition, face recognition, speech recognition, and 

computer vision. This study proposes following a similar approach for emotion recognition 

with the basic architectural elements of a face recognition system which include face 



   

 

18 

detection, preprocessing, feature extraction, and face recognition (Koutroumbas & 

Theodoridis, 2008; Rao & Reddy, 2011; Kasar, Bhattacharyya & Kim, 2016). 

This architecture is suitable for the development of a recognition system that utilizes only 

one source or modality. In the case of other modalities, a study in 2023 compared techniques 

for multimodal data fusion and presented architectures for unimodal, bimodal and trimodal 

systems. The study utilized the Amazon Reviews dataset. They noted that the only 

difference in architecture is that unimodal models do not have a model on top of their outputs 

in the late fusion approach. (Pawłowski et al., 2023). 

The study highlighted that the bimodal and trimodal models outperform unimodal 

models in every category (accuracy metric). The difference in performance was significant 

per class where unimodal models yield close results. However, they found that using 

trimodal approach led to little or significant change. 

 

Figure 2.5 Basic Architectural Structure of Recognition systems 

https://pmc.ncbi.nlm.nih.gov/articles/PMC11157619/#ref-65
https://pmc.ncbi.nlm.nih.gov/articles/PMC11157619/#ref-65
https://pmc.ncbi.nlm.nih.gov/articles/PMC11157619/#ref-94
https://pmc.ncbi.nlm.nih.gov/articles/PMC11157619/#ref-61


   

 

19 

Figure 2.6 Comparative architecture for Early and Late Fusion Techniques in 

Multimodal Systems (Pawłowski et al., 2023) 
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2.5 Review of Algorithms used for Emotion Recognition Systems   

A review of Algorithms used over the past years indicated that most systems used 

CNNs or Modified CNNs. (Islam et al., 2021a; Ouzar et al., n.d.; J. Pan et al., 2024; Verma 

et al., n.d.; Yang et al., n.d.).  

Figure 2.7 Categories of general emotion recognition systems (Islam et al., 2021a) 

2.6 Deep learning Algorithms 

This entails a subset of machine learning that use artificial neural networks, 

particularly multi-layered ones, to learn complex patterns and features from data, 

automatically, without explicit human-driven feature engineering. 

Neural networks, computational models inspired by the way the human brain 

processes information, are used for emotion recognition by learning complex patterns in 

facial expressions. It consists of layers of interconnected nodes (neurons), which process 

data and learn patterns. Neural networks are the foundation of deep learning and are used 

for tasks like image recognition and language processing. CNNs are specialized for 

processing visual data like facial images, widely used for facial expression recognition in 

emotion detection systems. RNNs, including LSTMs, are well-suited for modeling temporal 

dependencies. (Bishop,2006) 
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2.6.1 Convolutional Neural Networks (CNNs):   

Convolutional Neural Networks (CNNs) have become a cornerstone for processing 

images and topographical maps. This type of neural network is designed to process spatial 

data such as images topographic maps. Their ability to apply filters that extract localized 

features allows these networks to excel in various analytical tasks. The fundamental 

operation of a CNN is the convolution operation, which can be mathematically expressed 

as follows (Bishop,2006) 

 
𝑦𝑖,𝑗  =  (𝑓 ∗ 𝑥)𝑖,𝑗  =   ∑ ∑ 𝑓𝑚,𝑛

 

𝑛

 

𝑚

⋅ 𝑥𝑖 + 𝑚, 𝑗 + 𝑛 
(1) 

 

In this equation, 𝑓 denotes the filter or kernel, 𝑥  symbolizes the input signal (in this 

case, images in the case of visual data), and 𝑦   represents the output feature map. This 

feature extraction approach enables CNNs to perform a sort of hierarchical learning, which 

is helpful in identifying spatial patterns within the raw data. Usually, after several 

convolutional layers, the output is channeled into a fully connected  or dense layer (s), which 

can be expressed mathematically as follows: 

 𝑦 = 𝜎(𝑊 ⋅ 𝑥 + 𝑏) (2) 

In this equation, 𝑊 represents the weight matrix, 𝑥   is the input vector, 𝑏 denotes the 

bias term, and 𝜎  is the activation function, often selected as ReLU or SoftMax. The 

advantage of CNNs over other algorithms is their capacity to learn spatial dependencies 

directly from the raw signals, which minimizes or can entirely eliminates the need for 

manual feature extraction. 

There is research that supports that CNNs can enhance emotion classification 

accuracy by up to 20% in comparison to other more traditional methods such as Support 

Vector Machines (SVMs). (Liu et al., 2020). 
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2.6.2 Recurrent Neural Networks (RNNs): 

Recurrent Neural Networks (RNNs) is a type of neural network that was designed 

to process sequential data. What makes it stand out is the ability to preserve temporal 

dependencies through the introduction of hidden states. The recurrence relation that 

characterizes an RNN can be expressed as:  

 ℎ𝑡 = 𝜎(𝑊ℎ ⋅ ℎ𝑡−1 + 𝑊𝑥 ⋅ 𝑥𝑡 + 𝑏) (3) 

Where? 

ℎ𝑡−1 represents the previous hidden state, 

𝑥𝑡 is the input at time step 𝑡 , 

𝑊ℎ and 𝑊𝑥 are the corresponding weight matrices, 

𝑏 reflects the bias term, 

𝜎 is the activation function, frequently using tanh or ReLU. 

Apart from emotion recognition, these RNN’s have been used for ERP analysis.  

There is research that shows that RNN-based models achieve classification accuracy 

improvements of 15–25% over traditional feedforward networks when analyzing data 

(Karim et al., 2020). However, a major drawback is that traditional RNNs struggle with 

long-term dependencies due to an issue known as the vanishing gradient problem. This is 

what led to the development of variants as discussed below. 

2.6.3 Long Short-Term Memory (LSTM) Networks 

Long Short-Term Memory (LSTM) networks are a specialized variant of RNNs 

designed to address the vanishing gradient problem and capture long-term dependencies in 

sequential datasets. LSTMs introduce cell states and gated mechanisms, defined by: 
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 𝑓𝑡  =  𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1,  𝑥𝑡] + 𝑏𝑓)  (𝑓𝑜𝑟𝑔𝑒𝑡 𝑔𝑎𝑡𝑒) (4) 

 

 ⋅ 𝑖𝑡  =  𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1,  𝑥𝑡] + 𝑏𝑖)  (𝑖𝑛𝑝𝑢𝑡 𝑔𝑎𝑡𝑒) (5) 

 

 𝐶𝑡  = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 tanh(𝑊𝑐 ⋅ [ℎ𝑡−1,  𝑥𝑡] + 𝑏𝑐)   (𝑐𝑒𝑙𝑙 𝑠𝑡𝑎𝑡𝑒 𝑢𝑝𝑑𝑎𝑡𝑒) (6) 

 

These kinds of neural networks are well for classification tasks such as cognitive 

load estimation and neurological disorder detection. They have demonstrated accurate 

improvements of 10-15 percent over standard RNNs. (Bishop,2006) 

2.7 Shallow Learning Algorithms  

Shallow learning algorithms, also known as traditional machine learning, are models 

with a single or few layers of transformation, focusing on extracting patterns from input 

data without extensive layer-by-layer analysis. 

2.7.1 Multi-layer Perceptron 

An MLP is a type of feedforward artificial neural network with at least three layers: 

an input layer, one or more hidden layers, and an output layer. MLPs are fully connected 

networks where each neuron in a layer is connected to every neuron in the next layer. MLPs 

are useful for classification tasks where the relationship between input features and target 

labels is non-linear.  

As data flows from input to output, each hidden layer performs a weighted sum of 

its inputs followed by an activation function such as SoftMax, ReLU or Sigmoid. SoftMax 

is used in the output layer for multi-class classification tasks, ensuring the outputs sum to 1 

and can be interpreted as probabilities. MLP learns through backpropagation, computes the 

gradient of the loss function with respect to each weight by the chain rule and adjusts the 
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weights accordingly to minimize the loss. As it is also a classical neural network, the output 

of the final layer is mathematically calculated using equation (2) 

While MLPs are often used as shallow models in simpler tasks, their performance 

improves significantly with deeper architecture and larger datasets. Bishop,2006) 

2.7.2 Support Vector Machines  

SVMs are supervised learning models used for classification tasks. They work by 

finding the hyperplane that best separates data points of different classes in a high-

dimensional space. SVMs are particularly useful in classification tasks with relatively small 

datasets and high-dimensional input data. They have been effectively applied in facial 

expression recognition tasks (Jain et al., 2019), where they offer reliable performance for 

tasks with clear decision boundaries. SVM is most commonly used and effective because 

of the use of the Kernel method which basically helps in solving the non-linearity of the 

equation in an extremely easy manner. The most common kernel functions are the linear 

kernel, polynomial kernel, and RBF (Radial Basis Function) kernel. 

SVM uses an optimization function to maximize the distance between the hyperplane and 

closest data point while reducing errors in classification.  

  

Figure 2.8 SVM Hyperplane in a 3D space vs 2D space. 
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The mathematical function is as follows: 

 

𝑦𝑖,𝑗  = 𝑚𝑖𝑛
1

2
∣∣ 𝑤 ∣∣2 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦

𝑖
(𝑤 ⋅ 𝑥𝑖 + 𝑏) ≥ 1 ∀𝑖 

(7) 

 

Where: 

w is the weight vector, 

𝑥𝑖 is the input feature vector, 

𝑦
𝑖
 is the target label (+1 or −1), 

b is the bias term. 

2.7.3 Random Forest 

Random Forests are an ensemble learning method that uses multiple decision trees 

to improve classification accuracy. A decision tree makes predictions by recursively splitting 

the data based on the best split which is essentially the feature that results in the best 

separation. The algorithm uses a given criteria, such as the Gini impurity index or a cross-

entropy loss function. Each tree is trained on a random subset of the data, and their 

predictions are aggregated for a final output. This method has been found to be very 

effective for tasks where tabulated data may have more complex relationships or high-

dimensional features. RFs are less prone to overfitting compared to individual decision 

trees, making them suitable for smaller datasets with varied features as stated earlier. They 

are often used as a in combination with facial action units or facial landmarks (Huang et al., 

2020).  

The equation below calculates  the Gini impurity. 

 

𝐺𝑖𝑛𝑖(𝑆)  =  1 − ∑ 𝑝𝑖
2

𝑘

𝑖=𝑘

⋅ 
(8) 

 

 

Where 𝑝𝑖 is the probability of class 𝑖 in the set. 
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2.8 Challenges in Existing Methods and Techniques 

The existing techniques still struggle with capturing the full complexity of human 

expression. For Feature extraction, PCA, does a well and reduces the dimensionality in 

given data but its strict structure means that it often overlooks non-linear facial variations. 

Many researchers have asked the question of whether alternative methods like Independent 

Component Analysis (ICA) could offer a better way to untangle facial features, though 

research in this area is still lacking (Liu et al., 2020). Another potential but challenging 

avenue is the combination of PCA with deep learning models like LSTMs (which can 

capture long term dependencies). This is very promising but so far, most of these studies 

have been tested on standard datasets, not on individuals with atypical facial muscle 

movements(Karim et al., 2020). 

When it comes to algorithms, the  common workaround has been to combine CNNs 

with LSTMs, but the issue of typical datasets still arises with very little generalizability to 

other scenarios. (Yousefi et al., 2019). Meanwhile, traditional Hidden Markov Models 

(HMMs) have been used to track facial action units (AUs) over time, but they usually model 

each AU independently, ignoring the fact that facial expressions involve coordinated muscle 

movements. There is still a general gap in developing models that can capture these 

interdependencies. 

CNNs are very good in identifying spatial patterns in brain activity, but they do not 

do well with sequential data as we have seen in the section on algorithms. They have limits 

when it comes to their ability to model how emotions evolve over time (Karim et al., 2020). 

Researchers have tried blending CNNs with RNNs to fix this, but so far, these models have 

been heavily dependent on the dataset on which they were trained. Without a standardized 

approach to optimizing these architectures, it is hard to tell whether their performance is 
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truly generalizable. Attention mechanisms could help improve the way these models process 

long-term dependencies, but this area is still underexplored. 

There is the bigger challenge of making different modalities work together 

effectively in a multimodal system. While deep learning has provided some fusion 

techniques, the way these modalities interact is still not well understood because the is no 

linear relationship between complex modalities (Nijland et al., 2020). On top of that, most 

of these systems do not consider interpersonal differences in how emotions are expressed, 

which makes it difficult to apply them to populations with unique characteristics. This is 

partly due to the ethical and logistical challenges of collecting data from such groups, but 

even if the data were available, there is still no universal method for designing multimodal 

emotion recognition models that can handle diverse datasets (Yousefi et al., 2019). 

2.9Related works  

2.9.1 Healthcare  

In healthcare, non-invasive emotion recognition system are being integrated as part 

of new treatments or therapy especially for the management of cognitive disabilities and 

mental illness.  

 One study focused on using Deep Convolutional Neural Networks (DCNN) to 

analyze facial expressions of children with Down Syndrome during DAT demonstrating that 

ML models could effectively recognize emotional states from facial cues. The study uses 

Deep CNN to predict emotions and achieved an accuracy of 72%. This study also integrated 

the use of EEG signals which increased accuracy by 9 percent. The output provides 

invaluable insight for therapists and caregivers that guide treatment/management plans. 

(Moreno Escobar et al., 2023). 
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 Mental illness is a global health concern that has devastating effects on the physical, 

emotional and social well-being of an individual. Emotion recognition systems have been 

used for detection of depression and also anger detection in patients. Another study proposed 

emotion recognition system for profound intellectual and multiple disabilities using motion 

and heartbeat interval (R-R interval). They used a random forest classifier and low-resource 

sensors. The findings indicated that the concept of emotion recognition systems is beneficial 

when communication with profound intellectual and multiple disabilities. (Tanabe et al., 

2024) 

2.9.2 Education 

Emotion recognition systems are increasingly being integrated into educational 

settings to enhance personalized learning experiences. One study explored the use of 

emotion detection systems to identify students' emotional states in classrooms, allowing 

teachers to adjust their teaching strategies in real-time. The study utilized facial recognition 

and physiological signals to assess student engagement and emotional responses. The results 

showed that personalized learning interventions based on real-time emotion recognition led 

to improved student performance and engagement (Jones & Smith, 2023).  

Another study used a method using adaptive windows and extracted fine-grained 

features based on eye movement. This research surrounded the MOOC learning 

environment. This approach enhances sample quality by segmenting data according to 

emotional fluctuation cycles and extracting temporal relationships. It achieved a 65.1% 

accuracy for four-category emotion recognition using eye movement signals. 

2.10 Research Gaps  

While significant progress has been made in the development of emotion recognition 

systems there remain several key research gaps as highlighted below  
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i Limited Data Representation for Neurodiverse Populations 

A significant gap in the current literature and existing emotion recognition systems 

is the lack of diverse datasets representing neurodiverse populations, particularly children 

with Down syndrome. Most publicly available datasets are biased toward typically 

developing individuals. This gap impacts the generalization of emotion recognition models 

when applied to children with Down syndrome, whose facial expressions may deviate from 

typical patterns due to the distinct features associated with their condition.  

ii  Small and Imbalanced Datasets 

The limited amount of labeled data not only affects the training process but also 

exacerbates challenges like class imbalance. While some studies have used data 

augmentation techniques or synthetic data generation, they remain inadequate in addressing 

the overall dataset size, which remains a significant challenge. Larger and more 

representative datasets are needed to build robust models capable of reliably predicting 

emotional states across all emotional classes. 

2.11 Conceptual framework  

The solution is conceptualized to work in the following manner. First, we would 

capture facial expressions from individuals during therapy sessions. For this study, pre-

existing datasets of facial expressions were utilized, and no primary data collection is 

required. The data underwent preprocessing steps to enhance the quality of the images, 

including noise reduction and image enhancement. Once the data is cleaned and optimized, 

feature extraction techniques were applied to determine the most relevant features for 

emotion classification. The extracted features were then used to train and develop 

classification models designed to categorize emotions, specifically targeting positive, 
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negative, or neutral emotional reactions. 

 

Figure 2.9 Conceptual Framework 

Once the models are developed, users, such as therapists or caregivers, are required 

to utilize a webcam to capture facial expressions. During a therapy session, the system 

recorded the video feed, which is then preprocessed, sent to the emotion recognition model, 

and analyzed in real time. Based on the analysis, the system provided the recognition results, 

which the therapist could use to adjust the therapy, accordingly, ensuring that the emotional 

state of the individual was effectively monitored and responded to during the session. 
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Chapter 3  Research Methodology and Design 

3.1  Research design   

The research design refers to the overall strategy chosen to integrate the different 

components of the study in a logical way that addresses the research question. It is the 

essential blueprint for the collection, measurement, and analysis of relevant data. Being that 

there are several designs, the criterion of selection is based on depends on the nature of the 

question and the availability of resources.  

This study employed an Applied Research Design, which is suitable given the 

practical goal of developing a functional emotion recognition system for children with 

Down Syndrome in therapeutic settings. The applied nature aligns with the project’s 

objective: creating a real-world tool to assist in dolphin-assisted therapy by detecting 

emotional states through facial data. This design ensures the research moves beyond theory 

into practical utility, focusing on implementation and evaluation in a specific context. 

To ensure practical effectiveness, this research explored different models and 

approaches to assess their outcomes in a real-world therapy setting. Additionally, an active 

learning approach was employed, where the most relevant and optimal data points were 

selected for training. Finally, multiple algorithms were rigorously evaluated to determine 

their effectiveness, leading to the selection of the most suitable model for deployment in 

therapy sessions. (Kamiri & Mariga, 2021a)  

3.2 Methodological Approach   

The research methodology answers the question “How.” It outlines the systematic 

approach to research in a way that ensures valid and reliable results and addresses the 

objectives.  
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For this research, an Agile methodology was followed to maximize iterative and 

progressive development. The specific agile methodology adapted was the Rapid 

Application Development (RAD), which allowed small but functional increments of a 

project through sprints.  

Figure 3.1 Rapid Application Development Design 

This dynamic environment created room for adaptation to changing requirements 

and allowed for feedback incorporation throughout the process.  

RAD makes extensive use of prototyping to get a basic, functioning version of the 

software into the hands of consumers as early as possible. In addition to this, RAD facilitates 

a more efficient use of resources since the focus was on creating a prototype and collecting 

feedback.  

3.2.1 Planning   

The first stage of the cycle began with defining the project requirements. This 

entailed the engagement of all stakeholders to determine the goals, the timelines and 

strategies to address any  limitations that may arise. This stage ensured that everyone is on 

the same page in terms of expectations and deliverables.  Within the Rapid Application 
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Development Methodology, there is an allowance of  change in requirements at any point 

within the cycle and this was considered. For this research, this stage also included defining 

the objectives, ang gathering requirements such as identifying available DS dataset.  

i. Algorithm Selection 

This stage involved choosing appropriate algorithms, models and the  consequent 

metrics for evaluating model performance. For a standardized comparison and proper 

understanding of  which model best suited our facial emotion recognition task, we employed 

multiple algorithms: CNN, SVM, Random Forest (RF), DNN, and MLP; each was selected 

based on its strength in handling different aspects of our data as identified in the literature 

review. Since the dataset comprised facial images as well as structured features like facial 

landmarks and Action Units (AUs), it was essential to test models capable of learning from 

both spatial and numerical data types. Convolutional Neural Networks (CNNs) were ideal 

for the spatial data due to their strength in learning spatial hierarchies  

In contrast, SVM and Random Forest were applied to the extracted facial landmark 

coordinates and AU values, which were more structured (numerical) and tabular in nature. 

SVM is well-suited for high-dimensional, small-to-medium datasets and excels in binary or 

multiclass classification tasks. RF, a powerful ensemble method, was chosen for its 

robustness and ability to handle non-linear relationships without heavy preprocessing. Deep 

Neural Networks (DNNs) and Multi-Layer Perceptron (MLPs) were included to test how 

well generic feed-forward architectures could model both image and numerical data when 

trained with sufficient depth and neurons. By comparing these, we aimed to determine 

which architecture best balances accuracy, generalizability, and interpretability for emotion 

recognition in children with Down Syndrome. 

ii. Evaluation metrics 
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We used the standard evaluation metrics such as confusion matrix, accuracy, 

precision, and recall to comprehensively evaluate our .While accuracy provides a 

general measure of how often the model predicts correctly, it can be misleading when 

dealing with imbalanced .Precision and recall give a deeper insight into the model’s 

performance on each class while recall shows how many actual positive cases were 

captured (minimizing false negatives. The confusion matrix allowed us to visualize the 

model’s strengths and weaknesses per class and supported more informed decisions 

during tuning and model comparison. 

We also selected the F1-score due to the class imbalance present in our dataset. 

Accuracy can be misleading in such scenarios. The F1-score, which is the harmonic 

means of precision and recall, offers a more reliable metric by ensuring both false 

positives and false negatives are penalized.  

3.2.2 Prototyping  

The second phase is prototyping. This critical phase where requirements are 

modelled and transformed into practical, testable implementations. In this research, 

prototyping was used to iteratively build and refine emotion recognition models available 

data objectives. Prototypes allowed for the inclusion of user feedback and the incremental 

adjustment until the project’s goals are accomplished. 

3.2.2.1 Baseline Model Development 

As guided by the scope of the research outlined in the planning phase, the next step 

was building the initial model / prototype. The aim of a prototype was to produce a working 

design that can be demonstrated. For this research we began with the development of a 

baseline model which entailed training a custom CNN without pre-trained models for 
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benchmarking. As follows, we only utilized the dataset for Down Syndrome children and 

applied standard data preprocessing steps such as normalization, resizing and augmentation.  

Most research in machine learning is mainly quantitative and follows standardized 

statistical approaches. Similarly, this research used a quantitative approach and adopted a 

general design for each model development as shown below. (Kamiri & Mariga, 2021b)  

Figure 3.2 General Methodology for Machine Learning Projects 

i Data Collection  

This stage involved the collection of data either primary or secondary. This research 

utilized the custom DS Dataset. Specifically, the DS dataset includes facial images of 

subjects taken during experiments and are designed to elicit various emotions. This data was 

labelled by professional psychologists and was gathered in a controlled environment. 

(Moreno Escobar et al., 2023). 

ii Data Pre-processing  

Dataset from 

Data Collection 

Data 

Pre- processing 

Model Training 

Model Testing 

Model Evaluation  
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This is a crucial stage that involves cleaning, normalization, noise reduction and 

feature selection. This stage is especially important for this research due to the different 

modalities involved. The feature selection and combination directly influence the 

performance of the models. We used PCA for selecting the optimal features as it identifies 

correlation among various attributes of a dataset.  

iii Model Training and Testing  

This stage was reliant on the choice of algorithms. All the models were trained in 

data obtained. The data was split into train and test data. Techniques such as cross validation 

were used for training. Finally, the models were evaluated on the test data.  

iv Model Evaluation  

The model was evaluated based on certain parameters such as true positives, true 

Negative, False Positive, False negative (from confusion matrix) and derived measures such 

as Accuracy, precision, recall and F1-Score.  

3.3Experimentation and Iteration 

The models were developed using different architectures, activation functions and 

optimizers. This also included fine-tuning of the hyperparameters (learning rate, batch size 

and dropout rate). Finally, each model was evaluated, and comparisons were drawn. 

3.3.1 Deployment Phase 

The deployment phase included integrating the working prototype to the real-world 

environment as well as evaluating generalizability on unseen test data. The working model 

was optimized for a real-world application. 
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3.4 Data  

3.4.1Population/ Sampling  

The target population of this research was children diagnosed with Down syndrome, 

specifically within the age range of 5 to 17 years. The sampling technique used was 

convenient sampling because secondary datasets were accessible to the researcher. This 

group was selected due to the increasing need for adaptive, non-invasive technologies that 

can support emotional communication and therapeutic monitoring for individuals with 

cognitive and developmental challenges. The system was designed to observe, classify, and 

summarize emotional states during therapeutic activities, with a focus on Dolphin-Assisted 

Therapy (DAT) as a real-world application context. 

3.4.2 Data collection 

Secondary data was utilized for this research due to the challenges around primary 

data collection. The study employed secondary data collected from a specialized Dolphin-

Assisted Therapy program in Mexico. The publicly available dataset includes labelled facial 

images of three children with Down syndrome during their therapy sessions. These images 

capture a range of emotional expressions relevant to the context of therapeutic engagement. 

The dataset is already organized into three subsets for the purpose of machine learning 

experimentation:( Moreno Escobar et al., 2023). 

i Training Set: Used to train the CNN and hybrid classification models. 

ii Validation Set: Used to fine-tune hyperparameters and avoid overfitting during 

model training. 

iii Test Set: Used for final evaluation of model performance and generalizability. 
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Each subset contains images labeled according to emotional states such as attention, 

dislike, calm, and surprise, enabling supervised learning and evaluation of classification 

accuracy.  

3.5 Utilization of Research Results 

The main purpose of this study is to enhance emotional insight and therapy 

personalization for children with cognitive impairments, particularly those with Down 

syndrome undergoing Dolphin-Assisted Therapy (DAT). The proposed emotion assessment 

system aims to complement therapeutic efforts by enabling data-driven, adaptive support in 

real time. The following outlines how the results of this study were utilized: 

i Integration into Therapy Environments: 

The primary output of this research is a multi-modal emotion recognition system 

using facial features extracted through CNNs, Mediapipe landmarks, and DeepFace emotion 

scores. This system is intended to be deployed during real-time therapy sessions to assist 

caregivers in interpreting the child’s emotional state. The model's outputs can inform 

adaptive adjustments during therapy, such as modifying stimuli when negative emotions are 

detected. 

ii Clinical and Research Applications: 

The findings may contribute to the growing body of clinical research focusing on 

behavioral cues in children with developmental disorders. By offering an automated, non-

invasive emotion detection tool, this system can support clinicians in assessing therapy 

effectiveness over time, tracking emotional engagement, and identifying stress patterns. 

3.6 Dissemination of research results 

i Academic Publications 



   

 

39 

The research findings will be submitted to peer-reviewed journals in fields such as 

affective computing, special needs education, therapeutic technology, and computer vision. 

Publication will contribute to scholarly discourse on the intersection of AI, healthcare, and 

developmental therapy. 

ii Stakeholder Collaboration 

Efforts were made to collaborate with special education institutions, child 

psychologists, and non-profit therapy centers to pilot the tool. Their feedback is vital for 

refining the tool and ensuring real-world applicability. 

3.7 Ethical Considerations  

The research only used data that has been collected and processed in line with the 

relevant ethical guidelines, especially given the sensitivity of working with a vulnerable 

population. With regards to data privacy, personal identifiable information was withheld or 

obscured to the public throughout the study. 
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Chapter 4 System Analysis and Design  

4.1 Introduction  

System Analysis and Design (SAD) is a crucial phase in software development 

which focuses on understanding user requirements and modelling or designing the solution 

to ensure the implemented system meets the research objectives. In the context of this study, 

this chapter provides the foundation for identifying the technical and functional expectations 

of the emotion recognition system and how it could be structured to support therapeutic 

decision-making in children with Down syndrome. This chapter therefore presents both the 

functional and non-functional requirements derived from the system goals and intended use. 

For the design approach, this research adopted the principles of Object-Oriented 

Analysis and Design (OOAD). OOAD was particularly well suited for this system as it 

promotes modularity, reusability, and abstraction—core attributes necessary in building 

scalable and extensible software components Through OOAD, the system was broken down 

into well-defined objects that map directly to real-world entities and actions within the 

therapy setting.  

The blueprint of the system is presented through a series of design diagrams, 

including case diagrams, class diagrams, sequence diagrams, and architecture diagrams. 

These visual tools capture how users interact with the system, how internal components 

communicate, and how data moves across different modules. In addition to architectural 

modelling, the chapter concludes with a review of the key technologies and platforms used 

in developing the prototype, including machine learning frameworks, facial analysis 

libraries, and web-based deployment tools. 
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4.2 System Requirements 

System requirements are descriptions of what the system should do and its 

operational constraints (how it should perform). These requirements are categorized as 

functional and non-functional characteristics.  

4.2.1 Functional  

The functional requirements outline the specific operations the system must perform 

to achieve its goal of emotion recognition during therapy. These requirements reflect the 

logical flow of data from input to feedback. 

i The system should capture facial input from either uploaded video files or live webcam 

streams. 

ii The system should preprocess incoming frames to ensure quality and consistency. 

iii The system should extract relevant features from each frame. 

iv The system should classify the input into predefined emotional categories. 

v The system should provide emotional recognition results with minimal delay. 

4.2.2 Non-Functional 

The non-functional requirements define the quality attributes and constraints that the 

system must adhere to. These ensure that, beyond simply functioning, the system performs 

efficiently, remains usable, and meets expectations.  

i The system should provide near-time processing and feedback. 

ii The system should maintain high reliability and robustness across diverse environmental 

conditions. 

iii The system should be scalable and modular. 

iv The system should offer high usability and accessibility for therapists and non-technical 

users. 
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v The system should be compatible with standard hardware. 

4.3 System Narrative 

The emotion recognition system was designed to support Dolphin Assisted Therapy 

by automatically analyzing facial expressions captured during therapy sessions involving 

children with Down syndrome. Users interact with the system by uploading a recorded 

therapy session or activating a live webcam stream during therapy. The system captures 

facial data from the child and processes it using a combination of deep learning and facial 

analysis techniques. 

These predictions are updated frame by frame and aggregated to determine dominant 

emotional trends during the session. A rule-based feedback engine interprets these trends 

and generates guidance, allowing therapists to adjust their approach dynamically. 

For live sessions, the system processes every nth frame (e.g., every 10th frame) to 

balance real-time performance with accuracy. A rule-based feedback module monitors the 

emotional trend over time, identifying prolonged negative or positive responses and 

triggering contextual feedback.  

4.4 System Analysis Diagrams 

This section contains the blueprints of the different modules within the system and 

how they interact architecture and workflows to provide a clear understanding of its 

structure and interactions. 

4.4.1 Sequence Diagram 

A sequence diagram shows the interaction between a user and the core components 

of a given system. The process begins when the user initiates the system through the user 

interface, either by uploading a video or activating a live webcam stream. The system then 
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records the input and passes it to the Video Handler, which is responsible for extracting 

individual frames from the session. These are what we are interested in capturing. 

Each extracted frame is then sent to the next component which is the Landmark 

Extractor, where facial landmarks are detected using the Mediapipe framework. These 

landmark features are embedded and sent along with the original frame to the Deep Face 

API, which extracts Action Unit (AU) scores representing emotional intensity and facial 

expressions. The output includes both the spatial landmark features and the AU-based 

emotion features. 

Figure 4.1 System Sequence Diagram 

These features are then passed to the Emotion Classifier, which fuses the multimodal 

inputs and performs emotion prediction on each frame. The resulting emotion scores are 

aggregated across the video session to determine the dominant emotional state. This 

information is then returned to the user via the interface as a summarized emotional report, 

supporting the interpretation of emotional trends throughout the therapy session. 

This sequence highlights the modular design and step-by-step orchestration of 

components, ensuring efficient, explainable, and real-time emotion recognition for 

therapeutic support. 
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4.4.2 Use Case Diagram 

The use case diagram illustrates the primary interactions between users and the facial 

emotion recognition system. There are two main actors: the Subject (the child undergoing 

therapy) and the Therapist, as well as a supporting system actor labeled as Model, which 

represents the trained machine learning model. 

The process begins when the Subject starts the webcam, triggering the system to 

record a video of the therapy session. This process is supported by the Webcam hardware. 

The recorded video is then used to extract frames, which serve as the basis for analysis. 

These frames pass through the Feature Extraction process, which includes the use of 

Mediapipe to detect facial landmarks and the DeepFace API to compute emotion-related 

Action Units. All extracted features are then combined in the Feature Fusion step. 

Once features are fused, the Model is invoked to perform Emotion Classification, 

determining the emotional state of the subject in each frame. The results of this classification 

are then displayed to the Therapist through the user interface. The Display Result use case 

can optionally extend to Adjust Therapy, allowing the therapist to respond dynamically to 

the subject’s emotional state based on real-time or summarized feedback. 
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Figure 4.2 Use Case Diagram 

4.4.3 Flow chart 

The interaction flow begins when the user (therapist or caregiver) uploads a video 

through the front end or starts a recording. This video is sent to the backend via HTTP 

requests, where it undergoes emotion recognition processing. Facial landmarks among other 

features are extracted and computes emotion scores from the video. The results are then 

stored in the database, which can be accessed later for further analysis or reporting. Once 

the data is processed, the analysis results are presented. Based on the analysis, the therapist 

may trigger real-time adjustments to the therapy process.  
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Figure 4.3 Flowchart of System 

4.4.4 Entity Relationship Diagram 

The entity relationship diagram (ERD) provides a structural overview of the 

database design. The tbl_subject table stores the attributes of  each subject, such as age and 

any relevant notes which is not confidential. This table has a  one/many to many  relationship 

with the tbl_video which stores the recorded sessions. The attributes we are interested in are 

the ,logs and metadata such as the upload time and file name. The relationship between 

subjects and videos is one-to-many, as a single subject can undergo multiple therapy 
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sessions over time. The individual frames that are extracted from the video feed are stored 

in the tbl_frame table. Each frame is also timestamped and linked back to the corresponding 

video with a secondary key. This frame-level breakdown is important because its enables a 

complete analysis of emotional state progression throughout the session. 

The features extracted by the Landmark extractor are stored in the table tbl_feature 

The attributes are the facial landmarks and Action Unit (AU) scores obtained via Mediapipe 

and DeepFace, respectively. These features are the expected inputs to the trained classifier 

(the CNN model). which outputs predictions. The predictions for each frame are stored in 

the table tbl_prediction. The confidence score s also stored in this table so that both 

quantitative evaluation and summarization is made possible. Finally, the tbl_feedback table 

captures feedback from the system and the therapist as well. This table stores both 

timestamped emotional state and text-based feedback that is related to a unique therapy 

session for each user/subject and is intended to support the therapist’s decision-making 

process during or after a session. 

Figure 4.4 Entity Relationship Diagram 
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4.5 System Design Diagrams  

4.5.1 Model Architecture 

The baseline model employed in this study was a lightweight Convolutional Neural 

Network (CNN) specifically designed to classify facial images into four emotion categories. 

The process begins with an input image of shape 150 × 150 × 3, which is first passed through 

a rescaling layer to normalize pixel values to a [0, 1] range. This normalization is essential 

to stabilize the training process and accelerate convergence. 

The feature extraction component consists of three convolutional layers followed by max-

pooling layers. Each convolutional layer progressively increases the number of filters while 

reducing the spatial dimensions of the feature maps: 

Figure 4.5 Custom CNN Architecture 
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i The first convolutional block uses 32 filters of size 3×3, producing an output of shape 

74 × 74 × 32. 

ii The second block doubles the depth to 64 filters, yielding a 36 × 36 × 64 output. 

iii The third block increases depth to 128 filters, with the output feature map sized 34 × 34 

× 128. 

iv A final max-pooling operation reduces this to 7 × 17 × 128. 

Following convolutional processing, the 2D feature maps are flattened into a 1D allowing 

the model to transition from feature extraction to classification. This flattened vector is 

passed into a dense (fully connected) layer with 128 units and ReLU activation, which 

enables non-linear transformations. A dropout layer is applied here (rate   0.3) to mitigate 

overfitting by randomly deactivating neurons during training. 

The final classification is performed using a dense output layer with 4 units, corresponding 

to the target emotion classes. A SoftMax activation function is applied to generate a 

probabilistic distribution over the classes, ensuring that the model produces interpretable 

predictions. 

4.5.2 System Architecture 

The whole system follows a simple web Application architecture that is depicted 

below which constitutes the frontend and the backend. The user interacts with the UI and 

the Requests are made to the web server which fetches data from the database and returns it 

to the user in line with the defined business and application logic.. 

The frontend is the user-facing part of the system, designed for interaction between 

therapists and the emotion recognition application. It is developed using standard web 

technologies, such as HTML, CSS, and JavaScript. 



   

 

50 

The backend consists of the core logic that handles the processing of input data (in 

this case, video files), emotion recognition, and session management. The backend is 

powered by a web server framework and handles communication with both the frontend and 

the database. Upon receiving an uploaded video from the user, the backend processes the 

video to detect facial features and extract emotion-related information. This processing step 

is reliant on the trained convolutional neural networks (CNNs) for the image recognition 

part  and DeepFace for identification of the action unit. 

To allow for a more responsive and adaptive experience, the backend is designed to 

manage any feedback or adjustments that might be required based on the emotion detected. 

For example, if a detected emotion falls outside of the desired range (such as having a 

neutral effect , instead of calming effect), the system can trigger something to alert the 

therapist such that the therapy process is adjusted in near  real time or real time.  

Lastly, The database serves as the storage layer, storing key information related to 

video sessions, emotion detection results, and feedback logs.  This system is reliant on the 

relational database MySQL  as the data is structured.  

 

Figure 4.6 System Architecture 
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4.6 Tools and Techniques  

4.6.1 Coding environment 

All model development and experimentation were implemented using Google Colaboratory 

(Colab) a cloud-based Python environment that enables GPU acceleration for faster training. 

Colab was chosen due to its support for interactive notebook development and ease of 

integration with external files such as Google Drive for model checkpointing and dataset 

access. 

The programming language used was Python 3.11, with the following key libraries 

integrated into the development pipeline: 

i TensorFlow/Keras: Used for building and training the CNN and MLP models. 

ii NumPy and Pandas: For handling numerical operations and data preprocessing. 

iii Matplotlib and Seaborn: For visualizing training results, metrics, and model 

performance. 

iv Scikit-learn: Used for model evaluation (confusion matrix, classification report), 

scaling, PCA, and classical models like SVM and LightGBM. 

v OpenCV: Employed for video handling, frame extraction, and image preprocessing. 

These tools were essential for maintaining a reproducible workflow and conducting rigorous 

model experimentation.  

4.6.2 Feature extraction 

Two primary sources of feature extraction were used to capture diverse representations of 

emotion: 

i MediaPipe: A lightweight, real-time face mesh solution by Google, used to extract 468 

facial landmarks per frame. These landmarks represent structural deformations and 

subtle muscle movements, providing essential spatial features.  
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ii DeepFace: This high-level Python framework integrates pre-trained facial recognition 

and analysis models. In this study, DeepFace was employed to extract Action Units 

(AUs) and emotion scores following the Facial Action Coding System (FACS) 

framework, allowing the system to infer underlying affective states like surprise, anger, 

and sadness. 

 

Chapter 5 System Implementation and Testing 

5.1 Introduction 

This chapter details the development of various modules that were implemented for 

this study.  

5.2 Description of Implementation Environment 

It provides an outline of the hardware and software identifications that are required 

for the system to be implemented and to be fully operational. 

5.2.1 Hardware Specifications 

The most significant factors that were considered while determining the hardware 

requirements have been summarized below: 

 Table 5.1 Hardware Specifications 

Item Minimum Specification Recommended Specification 

Processor 2 x 1.6 Ghz 4 x 1.6 Ghz 

RAM 4 GB 6 GB 

Hard Disk Storage 60+ GB of free space or more is recommended (Dependent on 

whether video files are saved locally or on the cloud) 

Input devices Standard keyboard, mouse and Web Camera 

Output devices High resolution monitor 
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5.2.2 Software Specifications 

i. Operating System 

The system was designed to run in a standard Linux operating system. The system 

was developed within the Ubuntu 21.04 Linux based operating system, x64-based processor. 

Therefore, it is possible to run the system in a Linux environment. 

ii. Web Server 

The system was designed to work with Apache Web Server version 2.x. There are 

no special Apache configurations required to run the System. 

iii. Database Server 

The system was designed to work with a relational database management system. It 

was designed to be compatible with MySQL 5.7+ and PostgreSQL 9.6+. For the system to 

run efficiently certain grant privileges are required to be active. These are the following: 

INSERT, SELECT, UPDATE and DELETE. 

5.3 Model Implementation and Testing 

This section presents the three models developed in this study: The baseline 

convolutional neural network (CNN) model trained solely on raw facial images, the second 

introduced a feature-based approach, utilizing semantic emotion scores from DeepFace and 

geometric facial landmarks from Mediapipe. Lastly, multimodal fusion model combining 

raw image features extracted from a pre-trained CNN, semantic features (emotion scores), 

and geometric features (facial landmarks) were trained and evaluated. 

All the models were evaluated using precision, recall, F1-score, and confusion 

matrices to assess their effectiveness in classifying four emotional categories:. 
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5.3.1 Dataset description 

The dataset used in this study comprises 1,445 labeled facial images of children with 

Down syndrome, categorized into four emotional states: Surprise, Calm, Dislike, and 

Attention. These images were captured during Dolphin-Assisted Therapy (DAT) sessions 

and reflect spontaneous facial expressions observed in therapeutic settings. The dataset was 

divided into three predefined subsets: 933 images for training, 128 for testing, and 384 for 

validation. (Moreno Escobar et al., 2023).As shown in Table 5.2, the distribution across 

classes varies, with Surprise being the most represented (449 images) and Attention being 

the least (269 images). Each emotion class was stored in a dedicated directory, and the 

images are in .jpg format.  

Table 5.2 DS Dataset Image Distribution 

 Training Testing Validation Total 

Surprise 321 32 96 449 

Calm 189 32 96 317 

Dislike 289 32 96 417 

Attention 134 32 96 269 

Total 933 128 384  

 

5.3.2 Data pre-processing 

For the preprocessing phase, images were first manually extracted from the 

compressed source and organized into separate folders corresponding to their respective 

emotion classes. As all images were in .jpg format and of manageable size, minimal 

structural cleaning was necessary. However, to enhance model generalization, increase data 

variability and address overfitting—particularly due to the limited dataset size—a set of 



   

 

55 

image augmentation techniques was applied before and during training. We used 

oversampling to balance the under-represented classes.  

 Figure 5.1 Data Augmentation before training. 

These transformations included horizontal flipping, rotation, zooming, and 

brightness adjustments, implemented through TensorFlow’s ImageDataGenerator and Keras 

preprocessing utilities and were only applied to the training set. 

  

Figure 5.2 Comparison of Dataset before and after data augmentation. 

There was no need to rescale to a fixed dimension as all the images were already 

150 by 150. During training, the pixel values were normalized to the [0, 1] range to ensure 

consistency during model input.  

5.3.3 Feature engineering 

Feature engineering involved extracting and creating distinct features from raw 

image data, enhancing the model’s ability to identify and classify emotions accurately. 
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The first step in feature engineering involved extracting key facial features that could 

be used to determine emotional states. This process was performed using two primary 

methods: 

Facial Landmarks Extraction with MediaPipe:  

MediaPipe, a machine learning library for computer vision, was used to detect and 

extract facial landmarks from the input images. These landmarks represent various key 

points on the face, such as the eyes, nose, and mouth, which provide essential spatial 

information about facial expressions. The raw image data was processed through 

MediaPipe to generate landmark coordinates, which were flattened into a single vector 

per image, creating a feature set for further analysis. 

 

Figure 5.3 Sample Landmark Mapping by Mediapipe 

Action Unit (AU) Extraction with DeepFace:  

DeepFace, a deep learning-based face analysis library, was employed to compute 

Action Unit scores, which represent different facial muscle movements associated with 

specific emotions (e.g., the movement of the eyebrows for surprise). These AUs were 

derived from each image, providing additional emotion-relevant features. These 
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features were returned as a vector, indicating the intensity of different emotional 

expressions. 

Figure 5.4 DeepFace AU scores on sample image. 

Figure 5.5 Class Distribution for Dataset used for Feature based model.  
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5.3.4 Image Based Model Development 

For the first prototype, which was based on raw images, a simple custom 

Convolutional Neural Network (CNN) model was developed and trained using the balanced 

dataset as described in the preprocessing stage. 

5.3.4.1 Model Training   

Model tuning was carefully managed to prevent overfitting, given the relatively 

small dataset. Training was conducted in the TensorFlow/Keras environment using a custom 

CNN architecture with three convolutional layers followed by fully connected layers. To 

enhance generalization, in-network data augmentation techniques such as random rotation, 

horizontal flipping, and zooming were applied, and dropout layers were introduced to 

reduce overfitting. We used Grid Search for tuning parameters such as learning rate ([0.001, 

0.0005]), batch size ([32, 64]), and number of convolution layers ([2, 3, 4]). The model was 

trained for 30 epochs with a batch size of 32 using the Adam optimizer and categorical 

cross-entropy loss. Early stopping was used to halt training when performance plateaued, 

while model checkpointing ensured only the best-performing model based on validation 

accuracy was saved. 
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Figure 5.6 Custom code for the CNN baseline model.  

Throughout the training process, both accuracy and loss metrics were monitored and 

visualized to assess the model’s learning progression. The final model was saved in .h5 

format and served as the foundation for evaluating performance on the validation and test 

sets.  
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5.3.4.2 Model Evaluation 

Following training, the best model (as determined by validation accuracy) was 

evaluated on the held-out validation set. The classification performance metrics are 

summarized as follows: 

Figure 5.7 CNN Performance Per Class  

Overall, the model achieved an accuracy of 0.76 % on the validation set, with a 

consistent macro and weighted F1-score of 0.76. 

5.3.5 Feature Based Model Development  

The second prototype focused on a feature-based approach for emotion recognition, 

where instead of relying solely on raw image data, we extracted facial landmarks (geometric 

features) and Action Unit (AU) emotion scores (semantic features) as structured features.  

5.3.5.1 Model Training 

On the feature set we trained a couple of shallow learning and deep learning 

algorithms. Random Forest (RF) and Support Vector Machine (SVM) were utilized due to 

their effectiveness in handling tabular data and their suitability for smaller datasets. 

Additionally, deep learning models like Multi-Layer Perceptron (MLP) and Dense Neural 
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Networks (DNN) were also explored for their ability to capture non-linear relationships and 

complex patterns within the data. 

A Multi-Layer Perceptron (MLP) model was used to classify emotions based on the 

fused features. The model included two hidden layers with ReLU activation, batch 

normalization, and dropout regularization to mitigate overfitting. We did not need to address 

class imbalance, as this was addressed by oversampling techniques on the raw dataset. In 

some configurations, Principal Component Analysis (PCA) was optionally applied to reduce 

dimensionality and improve training efficiency. The training process was monitored using 

validation metrics and early stopping was employed to retain the best-performing model. 

For MLP, training was performed over 30 epochs, using a batch size of 32 and the 

Adam optimizer, with categorical cross-entropy as the loss function. Early stopping was 

implemented to prevent unnecessary training once the model’s performance 

stagnated/plateaued, and a model checkpoint callback was used to save the best-performing 

model at each epoch based on validation accuracy. Throughout the training process, both 

accuracy and loss metrics were monitored and visualized to assess the model’s learning 

progression. 

5.3.5.2 Model Evaluation 

The classification performance metrics are summarized as follows for each model: 

Random Forest outperformed SVM and the other deep learning algorithms when 

trained on selected features, particularly in the fused feature set.  

MLP achieved an accuracy of 0.5 with a low F1 score of 0.38 and struggled to 

classify attention and surprise as shown below. 
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Figure 5.8 MLP Performance Per Class 

SVM did better than MLP but also struggled with the Attention Class. It achieved 

an accuracy of 0.58 as shown below. 

 

Figure 5.9 SVM Performance Per Class 

5.3.6 Final Model Development  

The last prototype explored a hybrid approach. These learned embeddings from the 

CNN model were combined with the features extracted from facial landmarks and AU 

scores. The fusion of these embeddings aimed to create a richer feature representation that 

would improve the model's ability to classify emotions.  

5.3.6.1 Model Training 

We used the Convolutional Neural Network (CNN) designed in the first prototype 

to extract features from raw image data. This was to get the embedding from the last layer 

before the output layer. CNN learns spatial hierarchies in the images and outputs a set of 

embeddings (or features) representing the image content. We then integrated the extracted 
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and preprocessed features from the second prototype we developed. So, the final model can 

be described as a hybrid model. 

5.3.6.2 Model Evaluation 

The model achieved the highest accuracy and F1-score of 0.84 as shown in Figure 

5.10 below. The model achieved a precision of 0.82 for attention, 0.81 for calm, 1.00 for 

dislike, and 0.75 for surprise. Recall values were 0.72, 0.88, 1.00, and 0.78 respectively, 

indicating how well the model identifies true positives for each class as shown in Figure 

5:10 

The F1-scores, which balance precision and recall, were highest for dislike at 1.00, 

followed by calm (0.84), attention (0.77), and surprise (0.77). Each category had equal 

support with 96 samples. Overall, the model achieved an accuracy of 0.84, with both macro 

and weighted average precision, recall, and F1-score also at 0.84, reflecting balanced 

performance across the classes on a total of 384 samples. 

5.4 System Implementation and Testing 

This section outlines the implementation process of the therapy system, which 

includes the development of both the backend and frontend components. It covers the 

integration of the emotion detection model into a live system, incorporating real-time 

emotion recognition, session tracking, and user management functionalities. 

Figure 5.10 Hybrid Model Performance Per Class 
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5.4.1 Backend Development 

The backend was developed using Flask, a lightweight web framework for Python. 

The core functionality of the backend involves managing user sessions and interacting with 

the deep learning model to provide real-time emotion predictions. Flask-Login was used for 

user authentication, where therapists could log in, register, and manage their profiles. 

SQLAlchemy was utilized to manage the database and store user credentials, session data, 

and emotion classification. An example of the User and session model is seen in the Figure 

below. 

Figure 5.11: User Model Code snippet from Backend. 

Each therapy session was tracked in a session table, which included the therapist's 

ID, session start time, and the detected emotion. Each emotion prediction was linked to the 

corresponding session, ensuring that every frame processed by the model was tied to the 

correct session. 
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5.4.2 Real-Time Emotion Detection 

For the emotion detection, we selected the model that performed the best which was 

the CNN model in 5.3.6 built using Keras. The model was loaded into the Flask application 

and used to predict emotions in real-time from video frames captured by the webcam. Figure 

5.12 below shows a snippet of code with the function to set up the web camera. 

Figure 5.12: Code snippet for camera setup. 

 The code snippet in Appendix L demonstrates the integration of the model with the 

webcam feed by defining the real time loop which updates the emotion every 0.2 seconds. 

5.4.3 Frontend Development 

The front end of the application was built using HTML, CSS, and JavaScript. The 

therapist was provided with a simple dashboard that displayed a video feed from the 
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webcam, real-time emotion predictions, and a button to start the therapy session. A visual 

representation of the detected emotions was also shown, updating as the session progressed 

as in Appendix K Video Feed Page. 

The video feed from the webcam was displayed in the browser using HTML5’s 

<video> element. Emotion predictions were sent to the frontend via Flask’s SocketIO 

integration, enabling real-time communication between the server and the client. 

5.4.4 Validation and Testing 

To validate the system, the following tests were conducted: 

Live Emotion Detection 

The real-time emotion detection model was evaluated by comparing the predicted 

emotions with manual annotations of the sample expressions during therapy sessions. We 

validated that the frames from the live video feed were being sent to the mode; and the 

emotions were being classified. 

Session Tracking: 

The system was validated by ensuring that every session started, emotion detected, 

and session data were correctly stored in the database. This process started with simple user 

authentication. We implemented a simple Login function that took the users’ credentials 

(user ID and password) and validated them against what was in the database. 
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Chapter 6 Discussion and Presentation of Findings 

6.1 Introduction 

This chapter interprets the evaluation results and compares the performance of the 

various models evaluated throughout the research. It answers key questions: Did the models 

work as expected? What do the results mean? The findings are discussed in the context of 

their implications for the emotion recognition system and its potential application in 

Dolphin-Assisted Therapy (DAT) for children with Down syndrome. 

6.2 Performance of Image Based Classification Model 

The baseline CNN demonstrated robust performance, particularly in classifying the 

Dislike category, which achieved perfect precision and recall. This suggests that the visual 

patterns associated with Dislike were distinct and easily learned by CNN. However, the 

model encountered challenges in differentiating between Attention and Calm, as evidenced 

by the high rate of misclassification between these two categories.  

Figure 6.1 CNN Model Confusion Matrix 

Specifically, many Calm instances were predicted as Attention, indicating limited 

sensitivity to subtle distinctions in facial expressions. Similarly, the Surprise class showed 
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relatively strong precision but suffered from lower recall, often being misclassified as 

Attention.  

6.3 Performance of Feature Based Classification Model  

For the feature-based selection models, similar to the CNN model, we observe 

distinct patterns of performance across distinct categories. 

 The SVM models, whether trained on AUs, Landmarks, or fused features, 

demonstrated challenges with the Attention category, where precision and recall were both 

low. This suggests that the model struggled to differentiate Attention from other emotions, 

particularly Calm. Conversely, the Dislike class exhibited perfect recall and high precision 

in all SVM configurations, indicating the clear distinction of this emotion in the feature set. 

Figure 6.2 SVM Performance 

In contrast, the Random Forest (RF) model showed moderate performance across 

the different feature sets. RF (Fused) performed slightly better than the others, especially 

for Dislike, where it achieved a higher F1-score. This is likely due to the ability of RF to 

handle complex, non-linear decision boundaries. However, it still struggled with Attention 

and Surprise, where misclassifications were observed. 
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Figure 6.3 RF Performance 

For MLP, the fused features led to a slight improvement in classifying Attention, but 

it still faced difficulties, particularly in distinguishing classifying Dislike. 

Figure 6.4 MLP Performance 
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Figure 6.5 Confusion Matrix For MLP 

Despite the improvements, MLP (Fused) and MLP (Landmarks) yielded similar 

results in the lower performance categories, with F1-scores at 0 for Attention.  

The Deep Neural Networks (DNN) models did not show significant improvement 

over the RF or SVM models. However, DNN (Fused) had a modest gain in F1-score for 

Dislike and Calm. 

Figure 6.6 DNN Confusion Matrix 
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6.4 Performance of Hybrid Classification Model 

For the hybrid model, we observed that the "Dislike" class had extremely high 

accuracy with a perfect score of 1 for both precision and recall. However, for other classes 

like "Attention" and "Surprise,", it struggled considerably. Some misclassifications were 

evident, particularly between these classes as shown below. 

Figure 6.7 Performance of Hybrid Model 

6.5Results Discussion and Comparative Analysis 

The results revealed some difficulties in distinguishing the “Attention” and 

“Surprise” classes. To better understand the reasons behind the varying performance across  

different classes, several techniques were employed. PCA and t-SNE were utilized to 

visualize the distribution of features across the different emotion classes. 
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Dislike Calm 

Surprise 
Attention 

Figure 6.8 PCA Comparison across the four classes. 

By observing the clusters in the plots, we could discern that classes like Calm and 

Dislike had a more distinct distribution compared to Attention, which showed overlapping 

features with other classes, leading to lower classification accuracy for Attention. 

In addition to the visual techniques, we performed an ANOVA statistical test to identify 

which features exhibited the most variation across the classes. For instance, the features 

with the highest F-values, such as Feature 48, Feature 945, and Feature 39, had a marked 

difference across three of the four classes. These features were crucial in distinguishing 

between emotions like Surprise, Dislike, and Calm. However, Attention class performed 

poorly in comparison, with fewer significant features contributing to its classification. These 
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suggested that Attention lacked distinctive facial patterns that could be easily captured by 

the model. This observation may explain why Attention was often misclassified as other 

emotions like Dislike, despite their contrasting facial expressions. 

The visualizations further revealed an overlap between dislike and surprise plots, 

suggesting that the features for these two emotions are similar or that the classifier may have 

difficulty distinguishing between them. This was consistent with the classification 

difficulties observed in some of the models. 

The feature-based models, which combined both facial landmarks and action units 

(AUs), had the potential to offer more comprehensive insights into the emotional 

expressions but did not consistently outperform the other models. While the engineered 

dataset introduced richer features, it also introduced more complexity, and neural network 

struggled to learn the optimal patterns in the data. The increased dimensionality may have 

also led to overfitting, where the model memorized noise in the data leading to poor 

generalizability.  

The CNN model, trained on raw image data, showed more robust performance in 

some areas but struggled with less visually distinct emotions such as attention and calm (a 

phenomenon observed with all the models. In conclusion, the difficulty of distinguishing 

between Attention and Calm, in particular, stemmed from the inherent similarity in their 

facial expressions and the challenges posed by the dataset's characteristics. 
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Figure 6.9 Comparison of Model Performance Metrics 
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Chapter 7 Conclusions and Recommendations 

7.1 Conclusion 

This study developed and evaluated an ML-powered emotion recognition system, 

specifically designed for children with Down syndrome undergoing therapy. It critically 

builds on existing emotion recognition research by specifically addressing a niche but 

underexplored population in a therapeutic setting (dolphin-assisted therapy). While many 

prior studies in emotion recognition focus on neurotypical adults or generalized populations, 

few incorporate individuals with cognitive or developmental disorders, and even fewer 

contextualize the analysis within assistive therapeutic environments. Moreover, most 

existing works rely on multimodal datasets (e.g., EEG + facial data), which, while powerful, 

are not always practical in sensitive or real-world clinical scenarios. Due to data limitations 

and ethical considerations, this study focused solely on facial imagery and facial 

landmarks/AUs extracted via Mediapipe and DeepFace; demonstrating that meaningful 

emotional assessment is still feasible with constrained modalities. 

 The findings highlight the challenges and potential of integrating machine learning 

models for emotion recognition in neurodiverse populations. The key conclusions drawn 

from this study are as follows: 

i ML Integration Improves Emotion Recognition  

The ability to recognize emotions in children with Down syndrome significantly improved 

through the use of deep learning models. By leveraging facial landmarks and action units, 

the models were able to better classify subtle emotional expressions that are typical in 

neurodiverse populations. However, most of the models struggled to distinguish emotions, 

particularly between Attention and Calm, which points to the need for mor research and 

better data collection 
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ii A Hybrid Model/ Approach Offers Enhanced Understanding of Emotional Cues 

From this study we combined facial landmarks and action units. The results showed  a lot 

of promise; by capturing a richer set of features we created a high-dimensional data set. Due 

to the size of the dataset, the models still suffered from overfitting. In the end, the hybrid 

model ultimately outperformed other unimodal models in distinguishing the four emotions, 

with a slightly better performance for Attention and Calm. This suggests that multi-modal 

data can enhance emotion recognition systems 

iii Web Application Deployment for Real-time Recognition 

The system was successfully implemented as a web application using the Flask API, 

enabling real-time emotion recognition during therapy sessions. This application allowed 

the therapists to receive instant feedback on the emotional state of the child, fulfilling  the 

set objectives; to develop an adaptive emotion recognition system. The web app is an 

accessible option and feasible for everyday use. 

iv Potential for Behavioral Insights in Therapy 

By integrating emotion recognition into clinical therapy, the application can potentialy 

improve therapeutic outcomes by providing accurate classification of the children’s 

emotional states. This can help in both in identifying emotional distress or positive 

engagement. 

7.2 Limitations and Delimitations  

This study ; as defined in the scope in Chapter 1 focused on emotion recognition 

from facial expressions in children with Down syndrome which exclude any other factors 

that may contribute to emotional understanding. It did not take into account the context or 

environment. While the choice to limit the scope allowed for a more focused investigation 

it would be worth considering other data sources. Another delimitation was the choice of 
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machine learning algorithms. While the study implemented both shallow and deep learning 

models, it did not explore all possible architectures or ensemble methods that could 

potentially improve performance, such as attention-based models or hybrid systems that 

integrate temporal aspects of emotion. 

The limitations of this study primarily stem from the nature of the dataset and the 

complexity of emotion recognition in children with Down syndrome. The dataset was still 

relatively small, especially in comparison to larger, more diverse datasets that are normally 

used in emotion recognition tasks. This definitely limited the model's ability to generalize 

across all emotion classes.  

7.3 Recommendations 

In the current study, while the validation set was crucial for monitoring model 

performance during training, and techniques like early stopping and checkpointing were 

applied, no hyperparameter tuning was performed. This decision was deliberate, primarily 

due to the relatively small size of the dataset, even after augmentation. Applying exhaustive 

hyperparameter optimization methods, such as grid search or randomized search, could lead 

to overfitting, especially given the potential for the model to become excessively fine-tuned 

to the validation set. Overfitting would, in turn, compromise the generalizability of the 

model, which is a crucial aspect when deploying in real-world applications. 

Additionally, the baseline CNN model was intentionally kept simple to establish a 

benchmark, with hyperparameters (e.g., number of filters, dropout rate, batch size, and 

learning rate) selected based on established best practices for small image classification 

tasks. The simplicity of the model allowed for a clearer comparison of more complex models 

in subsequent experiments. However, in future work, incorporating hyperparameter tuning 

through methods like cross-validation or Bayesian optimization will be crucial. These 
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methods allow for a more systematic search for optimal parameters while reducing the risk 

of overfitting. An independent validation strategy would be necessary to prevent data 

leakage and ensure a more accurate and robust model evaluation.  

7.4 Future works 

The findings suggest avenues for future improvements. First, expanding the dataset 

size, either by collecting more data could help address class imbalance and improve the 

model’s ability to generalize well to unseen data. This can be through augmentation 

techniques or more advanced synthetic data generation. Furthermore, there is room for 

research in this area by looking into complex architecture. Transformers or hybrid models 

that integrate both visual and contextual features without the fusion step could offer 

enhanced performance. Such models have already been utilized in today’s Generative AI  

and have already shown promise in handling dynamic and complex data. They may be able 

to capture subtle shifts in emotion that simpler models struggle with. 
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