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Abstract

Socio-emotional learning (SEL) plays a fundamental role in children’s

well-being, social development, and academic readiness. However,

many existing digital educational tools rely primarily on screen-based

interaction and offer limited support for embodied emotional engage-

ment. Research in embodied cognition emphasizes that emotional

experience is deeply grounded in bodily action, suggesting that effec-

tive emotional learning requires interaction modalities that integrate

movement, perception, and expression. Although tangible user in-

terfaces (TUIs) have begun to address this need by linking physical

activity to digital representation, there remains a gap in the automatic

interpretation of children’s non-verbal emotional expressions, particu-

larly in classroom contexts where real-time feedback and longitudinal

reflection are desirable.

This thesis presents a machine learning–enhanced system designed to

support embodied socio-emotional learning through a tangible draw-

ing interface. Building upon the existing CambiaColore framework,

the system captures children’s drawing behavior using a physical tool

equipped with retroreflective markers and tracked using an infrared

camera. The resulting data include spatial trajectories, temporal dy-

namics, color selection, and drawing images, providing complementary

sources for representing children’s emotional expression. To automat-

ically estimate affective states, three machine learning approaches are



investigated: a Random Forest Regressor trained on handcrafted tra-

jectory features, a MobileNet convolutional neural network trained on

drawing images, and a hybrid multimodal model that combines the

predictions of both approaches to exploit the complementary infor-

mation provided by the two modalities.

The models estimate children’s affective states by mapping motion-

derived and visual features onto the valence–arousal dimensions of the

Russell Circumplex Model of Affect. Their predictive performance

is compared through statistical analysis using the Wilcoxon Signed-

Rank Test, enabling the assessment of statistically significant differ-

ences between the feature-based, image-based, and hybrid approaches.

Experimental results demonstrate the effectiveness of the proposed

framework and highlight the benefits of combining handcrafted tra-

jectory features with deep visual representations for automatic affect

prediction.

By combining handcrafted motion features with deep visual repre-

sentations within a unified multimodal framework, this thesis demon-

strates the feasibility of automatic emotion prediction from children’s

drawings in an embodied learning environment. Furthermore, the

system enables the generation of structured summaries of emotional

activity over time, supporting the creation of a collective emotional

overview of classroom dynamics. This approach provides educators

with a data-informed tool to facilitate emotional awareness, reflection,

and discussion while preserving the embodied nature of children’s in-

teractions, thereby contributing to the development of intelligent edu-

cational technologies that support embodied socio-emotional learning.
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Chapter 1

Introduction

The integration of socio-emotional learning (SEL) into formal education has re-

ceived more attention in recent years due to mounting evidence that emotional

competence is linked to long-term well-being, social functioning, and academic

performance. Schools are now seen as crucial settings where children develop the

emotional awareness and self-control needed for successful learning and social in-

teraction, rather than only as places for cognitive development. The significance

of incorporating emotional learning into regular classroom activities has been re-

inforced by large-scale studies and meta-analyses that show that SEL treatments

can result in quantifiable gains in students’ emotional abilities, behavior, and

academic outcomes [1].

In parallel with this shift in education, advances in learning technology and

human–computer interaction have enabled new tools that facilitate emotional

expression. Specifically, studies in embodied cognition indicate that sensorimo-

tor activity and body movement are intricately linked to emotional experience.

Emotions are not just feelings that are experienced inwardly; they can also be

expressed through gestures, physical activity, and interactions with the outside

world. Even without explicit verbal labeling, it has been demonstrated that

1



movement, drawing, and free-form motor expression can convey affective traits

including arousal, valence, and intensity [2]. Children, for whom nonverbal and

motor-based forms of communication frequently precede linguistic emotional ar-

ticulation, benefit greatly from this viewpoint.

In this sense, interactive sketching systems are a promising medium for pro-

moting emotional expression in educational contexts. Free drawing allows chil-

dren to externalize their internal moods through motion, rhythm, pressure, and

color selection, resulting in behavioral traces that can be studied as markers

of affective processes. Previous research has shown that the dynamic features of

hand-drawn lines, such as speed, acceleration, and fluidity, are associated with af-

fective dimensions, particularly within the valence-arousal framework of emotion

representation [3]. This framework offers a continuous and interpretable model

of affect that avoids rigid category emotion labels and is ideal for expressing the

subtle and transitory character of children’s emotional states.

Despite these advances, most existing systems rely on qualitative interpreta-

tion or manual analysis of children’s drawings, limiting their scalability and their

ability to provide timely feedback in educational settings. Moreover, relatively

few studies have explored multimodal machine learning approaches that jointly

exploit drawing trajectories and visual representations for continuous affect esti-

mation.

This thesis builds upon an existing tangible interactive platform designed to

capture children’s drawing trajectories during classroom activities. While the

physical device and interaction design were created independently of this re-

search, the system generates multimodal data describing the drawing activity,

including spatial trajectories, temporal information, color usage, and images of

the completed drawings. The primary scientific contribution of this thesis is the

development of a multimodal machine learning framework for automatic affect
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1.1 Motivations

prediction from children’s drawings within the two-dimensional valence–arousal

space.

To address this challenge, this thesis investigates three complementary ma-

chine learning approaches for continuous affect prediction from children’s draw-

ings. A Random Forest Regressor is trained on handcrafted trajectory features

describing the dynamics of the drawing process, while a MobileNet convolutional

neural network learns visual representations directly from the completed draw-

ings. In addition, a hybrid multimodal model combines the predictions of both

approaches to exploit the complementary information provided by motion-based

and visual features.

Overall, this thesis contributes to the intersection of affective computing, em-

bodied interaction, and educational technology by demonstrating the feasibility of

multimodal machine learning for continuous emotion prediction from children’s

drawings. By producing continuous valence–arousal estimates rather than dis-

crete emotion labels, the proposed framework aligns with contemporary SEL

approaches that emphasize emotional awareness, reflection, and discussion over

prescriptive classification. Ultimately, this work contributes to the development

of emotionally aware technologies that are accessible, interpretable, and pedagog-

ically grounded for classroom environments.

1.1 Motivations

The growing integration of socio-emotional learning (SEL) into formal education

reflects the widespread recognition that emotional competencies are fundamental

to children’s academic performance, social functioning, and long-term well-being.

Numerous studies have demonstrated that school-based SEL interventions can

enhance children’s emotional intelligence, attitudes, and behaviors in addition
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to improving their academic achievement [1]. Despite these advantages, SEL is

nevertheless difficult to put into practice in classrooms, especially when it comes

to developing emotional awareness in ways that are interesting, developmentally

appropriate, and inclusive of a variety of learners.

The dependence of many current SEL activities on linguistic contemplation

and abstract emotional labeling is a significant drawback. Language-based meth-

ods are useful, but they could not adequately take into account children’s innate

emotional expression styles, which are frequently centered on movement, body

activity, and nonverbal cues. Embodied cognition research highlights how emo-

tions are intimately related to sensory experiences and physical interactions with

the environment, rather than being solely internal or symbolic constructions. Ac-

cording to this viewpoint, education including movement and physical interaction

might offer more meaningful access to emotional experience, and learning about

emotions is intrinsically embodied [4]. In early childhood education, where motor

activity frequently precedes and promotes emotional and cognitive development,

this is especially pertinent.

By allowing children to externalize emotions through physical action instead

of just verbal reports, tangible user interfaces (TUIs) and embodied interaction

systems present a possible solution to overcome these constraints. By integrat-

ing movement, visual expression, and social interaction in educational settings,

tangible, drawing-based methods have been shown to improve socio-emotional

learning [5]. Children can communicate emotions through dynamic aspects like

speed, rhythm, and spatial organization through drawing activities in particular.

This results in extensive behavioral traces that represent emotional states. Both

individually and collectively, these traces can be digitally recorded and examined

to encourage introspection, dialogue, and emotional awareness.

Even while these systems are good at helping children express their emo-
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tions, they frequently rely on self-report or teacher interpretation to interpret the

drawings and movements of the children . This restricts scalability and adds sub-

jectivity. Exploring automated techniques that can analyze expressive drawing

activity in a principled and data-driven way is therefore highly motivated. By

learning mappings between observable drawing dynamics and underlying emotive

characteristics, developments in machine learning and affective computing offer

a chance to close this gap. Children’s gradual and changing emotional states are

well-represented by dimensional models of emotion, such as the valence–arousal

framework, which provide a continuous and interpretable depiction.

The primary objective of this thesis is to develop and evaluate a multimodal

machine learning framework capable of inferring children’s affective states from

expressive drawing behavior captured through an existing tangible interaction

platform. To this end, the thesis investigates three complementary approaches: a

Random Forest Regressor based on handcrafted trajectory features, a MobileNet

convolutional neural network trained on drawing images, and a hybrid model that

combines both modalities. By mapping expressive movement and visual infor-

mation onto the valence–arousal space, the proposed framework aims to support

emotional awareness in a manner that is embodied, scalable, and compatible with

classroom environments. Rather than replacing existing pedagogical practices,

the proposed framework is intended to complement SEL activities by providing

computational support for understanding children’s emotional expression as it

emerges through movement and drawing.

1.2 Context of the Study

This thesis is situated at the intersection of affective computing, embodied in-

teraction, and socio-emotional learning (SEL) in educational settings. Schools
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are now widely acknowledged as the key setting for fostering children’s emotional

growth in addition to their intellectual education. This change is supported by a

wealth of empirical data showing that structured SEL programs used in classroom

environments can significantly enhance students’ social conduct, emotional intel-

ligence, and academic achievement [1]. As a result, there is an increasing need

for educational resources that promote emotional awareness in ways that are de-

velopmentally appropriate and can be easily incorporated into regular classroom

activities.

In this larger educational context, embodied and tactile learning systems have

become potential tools for developing socio-emotional competencies. These sys-

tems, which are based on the ideas of embodied cognition, place a strong emphasis

on the part that movement, physical interaction, and sensory experience play in

emotional comprehension. In order to help children with SEL, recent research

has suggested and assessed tactile drawing-based interfaces that let children ex-

press their feelings through movement, color, and artistic expression [5]. These

systems are best suited for guided emotional learning rather than isolated solo

use because they are usually used in classroom settings where teachers mediate

exercises and encourage reflection.

The research described in this thesis expands on an existing tangible interface

system that lets children draw freely with a real tool while having their move-

ments monitored by a computer. Children’s sketching behavior is described by

the system’s multimodal data, including spatial trajectories, temporal dynamics,

color information, and images of the completed drawings. Crucially, the physical

device and interaction paradigm design and implementation serve as the tech-

nological and experimental basis for the current investigation rather than being

the main emphasis of this work. The availability of this multimodal dataset

provides a unique opportunity to investigate the computational interpretation of
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expressive drawing behavior in terms of affective states.

From a research perspective, this thesis is further situated within studies that

examine the relationship between children’s expressive drawing behavior—including

both motion characteristics and visual properties—and emotional expression. Ac-

cording to experimental data, kinematic characteristics of drawn strokes, includ-

ing speed, acceleration, and fluency, can be mapped onto affective dimensions and

exhibit a systematic variation with emotional intent [6]. Children’s impromptu

drawing activity in naturalistic educational environments has received relatively

little attention, despite the fact that a large portion of previous research has

concentrated on adult participants or controlled experimental settings. This dis-

parity emphasizes the need for models that respect the expressiveness and di-

versity present in children’s interactions while being able to generalize to actual

classroom data.

In light of this, the present thesis focuses on the development and evalua-

tion of a multimodal machine learning framework capable of inferring children’s

affective states from expressive drawing behavior captured through an embod-

ied educational system. By grounding the proposed approaches in an authentic

classroom-oriented platform, this work seeks to provide methodological contribu-

tions that are both scientifically rigorous and pedagogically relevant. At the same

time, it recognizes the importance of developing machine learning solutions that

adhere to ethical principles and are suitable for educational environments. The

proposed framework is designed to support, rather than replace, educators by

providing interpretable and data-informed insights into children’s emotional ex-

pression while respecting the principles of responsible AI, including transparency,

fairness, and the appropriate use of sensitive affective information. In this way,

the thesis addresses not only the technical challenges of affect recognition but

also the ethical and practical considerations associated with deploying affective
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computing technologies in real classroom settings.

1.3 Objectives and Contributions

In order to enhance the existing TRATTO tangible interface, the primary goal

of this research is to develop and integrate an automatic affect prediction frame-

work. While the existing system effectively captures children’s expressive drawing

behavior and transforms it into digital artifacts, it lacks a computational mech-

anism for interpreting this information in terms of affective states. This thesis

addresses that limitation by proposing a multimodal machine learning framework

capable of mapping children’s expressive drawing behavior to continuous valence

and arousal dimensions.

More specifically, this thesis investigates complementary machine learning ap-

proaches that analyze both handcrafted trajectory features and visual representa-

tions of children’s drawings. Their integration enables the automatic estimation

of affective states while preserving the embodied interaction paradigm of the

original system.

The specific objectives:

• Dataset Preparation and Annotation: To curate, preprocess, and or-

ganize the multimodal dataset generated by the TRATTO platform, in-

cluding drawing trajectories, color information, and drawing images, and

to associate each sample with validated valence and arousal annotations.

• Evaluation of Predictive Accuracy: To evaluate and compare the pre-

dictive performance of the proposed models using regression metrics and

statistical analysis, assessing their ability to estimate children’s affective

states within the valence–arousal space.

8



1.3 Objectives and Contributions

• Model Deployment: To deploy the selected affect prediction model within

the existing Processing-based TRATTO environment, enabling automatic

estimation of children’s affective states following the completion of each

drawing activity.

Contributions to the Research:

This thesis makes the following contributions to research and practice:

• Multimodal Affect Prediction for Tangible Interfaces:

The study introduces an analytical layer to an existing tangible interface

for socio-emotional learning, extending it from a purely expressive medium

to a system capable of computational affect interpretation. This represents

a step toward objective support for emotional labeling within educational

activities.

• Multimodal Machine Learning Framework:

This thesis proposes and evaluates a multimodal framework that combines

handcrafted trajectory features with deep visual representations for contin-

uous affect prediction from children’s drawings.

• Data-Supported Emotional Reflection:

The work enables the generation of structured summaries of emotional ac-

tivity over time, forming the basis for a collective emotional overview that

can support teacher-led reflection and discussion within the classroom.

• Comparative Evaluation of Machine Learning Approaches:

The thesis provides an empirical comparison of feature-based, image-based,

and multimodal approaches for predicting children’s affective states, con-

tributing insights into the strengths and limitations of each methodology

for educational affective computing.
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1.4 Overview of the Thesis

This thesis is organized into six chapters, each addressing a distinct phase of the

research, from the theoretical foundations of socio-emotional learning to the de-

velopment and evaluation of a multimodal machine learning framework for affect

prediction. The chapters progressively introduce the background, methodology,

implementation, experimental evaluation, and conclusions of the proposed work.

A brief overview of each chapter is provided below.

Chapter 1 – Introduction

This chapter introduces the research context, motivation, and objectives of

the thesis. It discusses the importance of socio-emotional learning (SEL), em-

bodied interaction, and affective computing in educational settings, identifies the

research gap, and presents the proposed multimodal machine learning framework

developed to enhance the existing TRATTO tangible drawing platform through

automatic affect prediction.

Chapter 2 – State of the Art

This chapter reviews the scientific literature relevant to the thesis. It first ex-

amines socio-emotional learning, embodied cognition, and tangible user interfaces

in educational environments. It then discusses previous research on expressive

drawing and movement analysis, followed by an overview of affective computing

and machine learning techniques for emotion recognition, including both tradi-

tional machine learning methods and deep learning architectures.

Chapter 3 – System’s Architecture

This chapter describes the TRATTO platform and its technical architecture.

It presents the hardware and software components used to capture children’s

drawing behavior and explains how multimodal data—including drawing trajec-

tories, temporal information, color selection, and drawing images—are acquired

and prepared for subsequent analysis.
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Chapter 4 – Methodology

This chapter describes the complete methodological framework adopted in

this research. It details the dataset preparation and annotation process, the

extraction of handcrafted trajectory features, the development of the Random

Forest Regressor, the MobileNet convolutional neural network, and the hybrid

multimodal model. It also presents the evaluation methodology, including the

performance metrics and the statistical analysis used to compare the proposed

approaches.

Chapter 5 – Results and Plotting

This chapter presents the experimental evaluation of the proposed models.

It analyzes the performance of the Random Forest, MobileNet, and hybrid ap-

proaches for predicting children’s affective states within the valence–arousal space

and discusses the comparative results obtained through statistical analysis. Fi-

nally, it illustrates the practical implications of integrating automatic affect pre-

diction into the CambiaColore platform.

Chapter 6 – Conclusions and Future Work

The final chapter summarizes the main contributions of the thesis and dis-

cusses their implications for affective computing, embodied interaction, and socio-

emotional learning. It reflects on the limitations of the proposed framework and

outlines potential directions for future research, including improvements to mul-

timodal affect prediction models, broader classroom validation, and the contin-

ued development of ethically responsible AI technologies for educational environ-

ments.
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Chapter 2

State of the Art

Summary

This chapter presented the theoretical background for this research. It discussed

the importance of Social and Emotional Learning (SEL), embodied cognition,

and Tangible User Interfaces (TUIs) in supporting children’s emotional expres-

sion through interaction. It also reviewed how drawing behavior and movement

characteristics can reflect emotional states, providing the basis for analyzing chil-

dren’s drawings. Finally, the chapter examined existing approaches to affective

computing, including traditional machine learning, deep learning, and multimodal

methods. Together, these topics provide the foundation for the methodology pre-

sented in the following chapters.

2.1 Social and Emotional Learning (SEL) in Mod-

ern Education

Social and Emotional Learning (SEL) has become an important part of mod-

ern education, recognizing that children’s development extends beyond academic
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achievement. It focuses on helping children understand and manage their emo-

tions, build positive relationships, and make responsible decisions, all of which

contribute to both school success and long-term well-being [7][8].

2.1.1 The Evolution of SEL: From Theoretical Frameworks

to Classroom Practice

SEL is rooted in developmental psychology, emotional intelligence, and social

learning theory, which emphasize the importance of emotional competence for

healthy social, behavioral, and psychological development [9][10]. These ideas

gradually evolved into educational frameworks that support the integration of

emotional learning into everyday classroom practice.

Among the most widely adopted frameworks is the one developed by the

Collaborative for Academic, Social, and Emotional Learning (CASEL), which

identifies five core competencies: self-awareness, self-management, social aware-

ness, relationship skills, and responsible decision-making [11]. Numerous studies

have shown that school-based SEL programs improve students’ social-emotional

skills, behavior, and academic performance, particularly when emotional learn-

ing is embedded within regular classroom activities rather than taught separately

[12].

2.1.2 The RULER Approach and the Role of Emotional

Labelling

The RULER approach is a well-established evidence-based framework for pro-

moting emotional intelligence in educational settings. Developed at the Yale

Center for Emotional Intelligence, it focuses on five core emotional skills: recog-

nizing, understanding, labeling, expressing, and regulating emotions [13]. Among
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Figure 2.1: The CASEL Framework

these, emotional labeling plays a central role, as the ability to accurately identify

and name emotions supports emotional regulation, communication, and positive

social interactions [13][14].

RULER-based interventions have been shown to improve classroom climate,

student engagement, and emotional well-being across preschool and primary

school populations [15][16]. These findings highlight the importance of providing

children with developmentally appropriate means of expressing and reflecting on

their emotions. In this context, non-verbal forms of expression, such as drawing

and movement, offer a complementary approach for supporting emotional aware-

ness, particularly among younger children whose emotional vocabulary is still

developing.
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Figure 2.2: The RULER Mode Meter

2.1.3 Impact of Emotional Competence on Academic Readi-

ness and Well-being

Research consistently shows that emotional competence is closely linked to chil-

dren’s academic readiness. Skills such as emotional regulation, impulse control,

and stress management help children stay engaged in learning, overcome chal-

lenges, and build positive relationships with teachers and peers [17].

Emotional competence also supports long-term well-being. Studies have found

that children who develop emotional awareness and regulation early are less likely

to experience anxiety, behavioral difficulties, and social problems later in life

[18]. These findings highlight the importance of integrating SEL into everyday

school activities and motivate the development of innovative approaches, such
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as tangible interfaces and automated affect recognition, to support emotional

learning in educational settings.

2.2 Theoretical Foundations of Embodied Emo-

tion

Emotions are increasingly understood as embodied experiences shaped by the

interaction between the body, the environment, and social context, rather than

as purely cognitive processes. From this perspective, movement and drawing

behavior can provide meaningful cues about affective states. This section presents

the theoretical foundations that support embodied approaches to socio-emotional

learning and affective computing.

2.2.1 The Embodied Mind: Cognition as an Enactive Pro-

cess

Embodied cognition views thinking and emotion as processes shaped by contin-

uous interaction between the body and the environment, rather than as purely

internal mental activities. From this perspective, perception, action, and cogni-

tion are closely connected, and meaning is constructed through sensorimotor ex-

perience [19][20]. Emotions are therefore understood as being expressed through

bodily actions as well as internal states.

The concept of the enactive mind further emphasizes that cognition devel-

ops through active engagement with the surrounding world [20]. This view has

influenced educational research, where embodied learning approaches have been

shown to enhance understanding, memory, and emotional engagement [21][22].

In this context, drawing and movement provide children with meaningful ways
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to express and reflect on their emotions, supporting both emotional learning and

social interaction.

Figure 2.3: Embodied Cognition

2.2.2 The Relationship Between Motor Action and Affec-

tive Experience

Research in psychology and neuroscience has shown a close relationship between

motor activity and emotional experience. Emotions are reflected in bodily acti-

vation and expressive movement, with characteristics such as speed, force, and

fluidity varying according to emotional valence and arousal [23][24].

Studies on expressive movement have demonstrated that motion features ex-

tracted from dance, gestures, and drawing can communicate affective informa-

tion [25][26]. In particular, features such as velocity, acceleration, rhythm, and

smoothness have been linked to emotional intensity and polarity. Similar findings

have been reported for hand-drawn lines, where the dynamics of drawing strokes

influence emotional perception even in abstract drawings [6].
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Figure 2.4: Affective Dimensions (Valence–Arousal)

These findings are especially relevant for children, who often express emotions

through movement before they can describe them verbally. Consequently, draw-

ing trajectories provide a valuable source of affective information and support

the use of computational approaches to infer emotional states from observable

behavior rather than relying solely on self-report.

2.3 Tangible User Interfaces (TUIs) for Learn-

ing

Tangible User Interfaces (TUIs) combine physical objects with digital informa-

tion, allowing users to interact with technology through direct manipulation. In

education, they have gained attention for supporting embodied learning, collabo-

ration, and intuitive interaction, especially for children. By encouraging physical

engagement, TUIs provide an effective alternative to traditional screen-based

learning environments.
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2.3.1 Defining Tangibility: Coupling Physical Tools with

Digital Information

Tangible User Interfaces (TUIs) allow users to interact with digital information

through physical objects instead of conventional input devices. In these systems,

physical artifacts are part of the interface itself, making digital content more

accessible through direct manipulation [27].

By linking physical interaction with digital information, TUIs support per-

ception, action, and learning at the same time. This is particularly valuable in

educational settings, where hands-on interaction can reduce cognitive load and

help children better understand abstract concepts [28]. As a result, TUIs provide

a natural bridge between physical experience and digital learning.

2.3.2 TUIs as Catalysts for Social Interaction and Group

Conversation

Beyond individual interaction, TUIs are designed to support shared use, making

them well suited for collaborative learning environments. By occupying a com-

mon physical space, they encourage face-to-face communication, joint attention,

and interaction around shared artifacts, fostering richer social engagement than

conventional screen-based interfaces [28].
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Expression

Figure 2.5: TUIs as Social Catalysts

In educational settings, these social affordances promote discussion, collab-

oration, and emotional reflection among students and teachers [29]. Previous

research has also shown that tangible systems can facilitate emotional communi-

cation by providing alternative, non-verbal means of expression, particularly for

children [30][31]. Consequently, TUIs represent a valuable medium for supporting

socio-emotional learning through shared interaction.

2.4 The Relationship Between Drawing Lines

and Emotional Expression

Human beings have long used drawing as a way to express emotions that are diffi-

cult to communicate verbally. In children’s drawings, emotional expression often

appears through line characteristics such as curvature, rhythm, direction, and
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movement rather than realistic representation. Previous research has shown that

these visual features can convey emotional meaning even in abstract drawings.

This section reviews the main studies linking line qualities and drawing gestures

to emotional expression.

2.4.1 Drawing Lines as Non-Verbal Emotional Expression

Research in experimental psychology has shown that lines can communicate emo-

tions even without representing recognizable objects. Early studies found that

people consistently associated sharp and angular lines with emotions such as

anger, while smooth and curved lines were linked to calmer and more pleasant

emotional states [35].

Later studies showed that observers, regardless of artistic experience, could

reliably interpret the emotional meaning of abstract line drawings [36]. This sug-

gests that emotional information is conveyed through perceptual features rather

than learned symbols, making drawing an effective way for children to express

emotions that they may not yet be able to describe verbally. Consequently, chil-

dren’s drawings provide valuable cues that can be observed and analyzed to better

understand their emotional experiences.

2.4.2 Emotional Meaning in Line Qualities and Drawing

Gestures

Later research has shown that the emotional meaning of a drawing depends not

only on the final line but also on the gesture used to create it. Emotions influence

movement characteristics such as speed, rhythm, and acceleration, leaving recog-

nizable patterns in the resulting drawing. Early psychological studies suggested

that lines appear expressive because they reflect the motor actions associated
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with emotional states [35].

More recent work has confirmed that observers associate implied movement,

such as speed and force, with different levels of valence and arousal [37]. Sim-

ilarly, motion-related features including velocity variation and acceleration have

been shown to play an important role in conveying emotion through drawing [6].

These findings support the view that emotional meaning arises from the embod-

ied drawing process, making movement dynamics a valuable source of information

for computational affect recognition.

2.4.3 Interpreting Emotion from Abstract Drawing Traces

Research in psychology and affective computing suggests that abstract drawing

traces contain meaningful emotional information, even without recognizable ob-

jects or symbols. Within dimensional models of emotion, such as the Circumplex

Model of Affect, line characteristics have been consistently associated with va-

lence and arousal. For example, smooth and continuous lines are generally linked

to positive emotions, whereas angular and irregular lines tend to reflect negative

emotions and higher arousal [36].

These findings provide a strong foundation for computational approaches that

analyze children’s drawings to estimate affective states. By learning patterns from

drawing traces, machine learning models can support objective and scalable emo-

tion recognition, complementing traditional observation in educational settings.
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Chapter 3

System’s Architecture

Summary

This chapter describes the technical architecture of the system developed in this

research to support automated affect interpretation within the existing TRATTO

tangible interface. While previous chapters established the theoretical founda-

tions of socio-emotional learning, embodied interaction, and motion-based emo-

tional expression, the present chapter focuses on the engineering design that en-

ables the computational analysis of children’s drawing behavior.
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3.1 Overview of the System

Figure 3.1: TRATTO Tangible Drawing Interface
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3.1.1 Tangible Drawing Interface (TRATTO)

TRATTO is a tangible drawing interface developed to capture children’s drawing

movements and convert them into digital trajectories in real time. The system en-

ables users to interact with physical drawing tools while automatically recording

their movements for later analysis.

INIT

CONFIGURE

WAIT WRITE HEADER

WAIT FIRST COLOR

WAIT FIRST TRATTO

DRAWING

SAVING DRAW

MOVING TO PC

ANNOTATING

Web Server

Kinect Depth Cam

Controller

Model

View

Figure 3.2: TRATTO System’s Architecture

The platform consists of the following main components:

• A horizontal interactive table

• A projector mounted beneath the table

• A vertical projection surface supported by a tripod
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• Physical drawing tools fitted with reflective motion markers

To interact with the system, the user holds a physical object, such as a stick,

cup, roller, or glove, with a reflective marker attached to it. As the object moves

across the interaction surface, an infrared camera tracks the marker’s position,

allowing the system to reconstruct the movement and display the corresponding

drawing on the projected canvas in real time.

The interface provides several key functionalities, including:

• Real-time visual feedback

• Free-form drawing

• Color selection

• Automatic saving of drawing sessions

Unlike traditional drawing applications that rely on a mouse or touchscreen,

TRATTO allows users to interact through natural hand movements using every-

day physical objects. The drawing tools themselves contain no electronic com-

ponents; they simply carry reflective markers that are detected by the tracking

system.

During each drawing session, the interaction follows a simple sequence:

• Physical movement of the drawing tool

• Detection of the reflective marker

• Reconstruction of the drawing trajectory

• Real-time rendering of the drawing

• Storage of the recorded data
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3.2 Data Acquisition and Collection Process

At the end of each session, the system produces a time-ordered record of

the drawing trajectory, which serves as the basis for the feature extraction and

emotion recognition methods presented later in this thesis.

The modular design of TRATTO also makes it possible to use different physi-

cal objects as drawing tools, provided they are equipped with a reflective marker.

This flexibility allows the system to accommodate users with different motor

abilities and makes it suitable for a variety of educational settings.

Figure 3.3: TRATTO Prototype

3.2 Data Acquisition and Collection Process

3.2.1 Experimental Drawing Protocol

The dataset consists of 130 drawings collected over two sessions. One session was

carried out during a children’s workshop at La Città dei Bambini e dei Ragazzi

in Genoa, while the other one took place during the Maker Faire exhibition in

Rome.
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The drawing activity included two experimental conditions: acted emotions

and spontaneous emotions. During each session, children selected a color

and created a free-form drawing while the system tracked the movement of the

drawing tool in real time. The recorded trajectory was automatically saved as a

time-stamped file, and a rendered image of the completed drawing was stored as

a PNG file.

Each drawing produced three synchronized outputs:

• A trajectory file containing the recorded movement data

• A rendered image of the drawing

• An annotation containing the corresponding emotional label

The same acquisition procedure was used in all sessions to ensure consistency

across the dataset.

3.2.2 Acted and Spontaneous Emotional Conditions

The dataset includes two emotional drawing conditions: acted emotions and

spontaneous emotions. The main difference between them is how the emotion

is elicited during the drawing activity.

3.2.2.1 Acted Emotion Condition

In the acted condition, each child was asked to represent a specific emotion as-

signed by the experimenter. While the emotion was predefined, the children were

free to decide how to express it through their drawings, including their

• Drawing movements

• Use of space
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• Stroke patterns

• Choice of colors

Figure 3.4: example of an Acted Drawing

3.2.2.2 Spontaneous Emotion Condition

In the spontaneous condition, no emotion was assigned. Instead, children were

invited to draw freely and express how they felt at that moment.

Unlike the acted condition, the emotion was not guided by the experimenter

but reflected the child’s natural emotional state during the activity.

Figure 3.5: example of a Non-Acted Drawing
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3.2.3 Raw Data Generation

Each drawing session produces three synchronized files:

1. A trajectory log file (.txt)

2. A rendered drawing image (.png)

3. An annotation record (.tsv entry)

These files are linked using a unique filename, allowing each drawing to be asso-

ciated with its trajectory and emotion annotation.

3.2.3.1 Trajectory Log File

The trajectory file contains the raw movement data recorded during a drawing

session. Each row represents a single time sample and includes the timestamp,

the marker position, its tracking status, and the selected drawing color.

The recorded fields are:

• msec, sec, min, hour: timestamp

• x, y: normalized coordinates

• is_tracked: tracking status (0 or 1)

• color: selected drawing color

The trajectory file serves as the input for the feature extraction process de-

scribed in the next section.
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Figure 3.6: Trajectories example

3.2.3.2 Rendered Drawing Image

For each drawing session, the system also saves a rendered image in PNG format.

The image is a visual representation of the drawing produced from the recorded

trajectory.

Each image is linked to its corresponding trajectory file through a shared file-

name, which includes the acquisition date, group ID, participant ID, and drawing

condition (acted or spontaneous).
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Figure 3.7: Drawing example

3.2.3.3 Annotation Record

Each drawing is also recorded in an annotation file (.tsv), which stores the meta-

data for that session. This includes the acquisition date, group and participant

IDs, the paths to the trajectory and drawing files, and the normalized valence

(x_normalized) and arousal (y_normalized) coordinates provided by the child.

The valence and arousal values represent the child’s self-reported emotional

state after completing the drawing.

3.2.4 Data Curation and Cleansing

Before feature extraction, the dataset was manually reviewed to remove drawings

that were not suitable for analysis. While most drawings consisted of free-form

movement, some contained recognizable objects or scenes, making them less rep-

resentative of movement-based emotional expression.

3.2.4.1 Exclusion Criteria

A drawing was excluded if it:
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• relied mainly on recognizable symbols or objects,

• represented a staged or acted scene

• contained little usable movement data due to weak or noisy trajectories.

These drawings were removed to reduce the influence of visual content on the

analysis.

Figure 3.8: Not Accepted Drawing Example

3.2.4.2 Inclusion Criteria

A drawing was retained if it:

• reflected natural drawing movements

• expressed emotion through the drawing process rather than recognizable

symbols

• contained sufficient movement variability for feature extraction.
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Figure 3.9: Accepted Drawing Example

3.3 Feature Extraction

This part describes the features extracted from the recorded drawing trajectories.

The aim is to capture different aspects of the drawing process, including its

temporal, kinematic, geometric, and spectral characteristics. In total, 25 features

were extracted, with each feature representing a different property of the user’s

drawing behavior.

3.3.1 Visual Features

3.3.1.1 First Color

The First Color feature records the first color selected by the child from the four

available options: blue, yellow, red, and green. As this choice is made at the

beginning of the drawing activity, it may provide useful information about the

child’s initial approach to the task and expressive behavior.

Although the meaning of individual colors varies between individuals, the first

color choice can reflect personal preferences or drawing habits. For this reason,
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it is included as a visual feature that captures an early aspect of the drawing

process.

Figure 3.10: First Color Feature

3.3.2 Temporal Features

3.3.2.1 Time on Paper

Time on Paper measures the total time the drawing tool remains in contact

with the drawing surface during a session. This feature reflects how long the

child actively engages in the drawing task. Longer drawing times may indicate

greater focus, carefulness, or emotional involvement, while shorter times can be

associated with quicker or more spontaneous drawing behavior. As a result, this

feature provides useful information about the child’s interaction with the drawing

activity.
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Figure 3.11: Time On Paper Feature

3.3.2.2 Stroke Duration

Stroke Duration measures the time taken to complete a single continuous stroke,

from when the drawing tool touches the surface until it is lifted. This feature

reflects how the child performs individual drawing movements. Longer strokes

may indicate more careful or controlled movements, while shorter strokes are

often associated with quicker and more spontaneous drawing behavior. As such,

stroke duration provides information about the child’s drawing style and motor

control.
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Figure 3.12: Stroke Duration Feature

3.3.3 Kinematic Features

3.3.3.1 Speed

Speed measures how quickly the drawing tool moves across the surface during a

stroke. It reflects the pace of the child’s drawing movements and can provide

information about their drawing behavior. Higher speeds are generally associ-

ated with faster and more energetic movements, while lower speeds may indicate

slower, more controlled drawing. As a result, speed is a useful feature for char-

acterizing the dynamics of the drawing process.
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Figure 3.13: Speed Feature

3.3.3.2 Acceleration

Acceleration measures how quickly the drawing speed changes during a stroke. It

reflects variations in the child’s drawing movements over time. Higher accelera-

tion indicates more abrupt changes in speed, suggesting faster or less controlled

movements, while lower acceleration is associated with smoother and more con-

sistent motion. This feature helps characterize the dynamics and stability of the

drawing process.
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Figure 3.14: Acceleration Feature

3.3.3.3 Velocity Variation

Velocity Variation measures how much the drawing speed changes throughout

a stroke. It reflects the consistency of the child’s drawing movements. Higher

values indicate greater fluctuations in speed, while lower values correspond to

smoother and more uniform motion. This feature helps describe the stability and

dynamics of the drawing process.
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Figure 3.15: Velocity Variation Feature

3.3.3.4 Y Velocity Energy Focus

Y Velocity Energy Focus measures how much of the drawing movement is concen-

trated along the vertical (Y) axis. Higher values indicate stronger up-and-down

movements, while lower values suggest a more balanced or horizontal drawing

pattern. This feature captures the dominant direction of movement and helps

characterize the child’s drawing behavior.
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Figure 3.16: Y Velocity Energy Focus Feature

3.3.4 Statistical / Distribution Features

3.3.4.1 Y Average

Y Average represents the mean vertical (Y-axis) position of all recorded points in

a drawing. It indicates where the drawing is generally located along the vertical

axis. Higher values correspond to drawings concentrated toward the upper part

of the drawing area, while lower values indicate drawings positioned closer to the

bottom. This feature describes the child’s overall use of vertical space during the

drawing process.
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Figure 3.17: Y Average Feature

3.3.4.2 Distribution Symmetry

Distribution Symmetry measures how evenly the drawing is distributed around

a central axis. Higher symmetry indicates a more balanced and organized draw-

ing, while lower symmetry reflects a more uneven or irregular distribution. This

feature describes the overall spatial organization of the drawing and the child’s

use of the drawing space.
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Figure 3.18: Distribution Symmetry Feature

3.3.5 Structural / Behavioral Features

3.3.5.1 Number of Strokes

Number of Strokes represents the total number of continuous strokes used to com-

plete a drawing. A stroke begins when the drawing tool touches the surface and

ends when it is lifted. Higher values indicate that the drawing was created using

many separate strokes, while lower values correspond to fewer, longer strokes.

This feature captures the child’s drawing strategy and the overall structure of

the drawing process.
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Figure 3.19: Number of Strokes Feature

3.3.5.2 Number of Inflexions

Number of Inflexions measures how many times the curvature of a drawing

changes direction along a stroke. Higher values indicate more frequent changes

in the drawing path, resulting in more complex or irregular shapes, while lower

values correspond to smoother and simpler curves. This feature describes the

complexity and variability of the child’s drawing movements.
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Figure 3.20: Number of Inflexions Feature

3.3.5.3 Closure

Closure measures the extent to which a drawing contains closed shapes by evalu-

ating whether the start and end points of strokes connect. Higher values indicate

more complete and enclosed shapes, while lower values correspond to more open

or incomplete drawings. This feature describes the child’s ability to produce

connected and well-defined drawing structures.
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Figure 3.21: Closure Feature

3.3.6 Frequency / Spectral Features

3.3.6.1 Amplitude Spectrum

Amplitude Spectrum represents the distribution of movement energy across dif-

ferent frequencies in the drawing signal. It is computed by applying the Fourier

Transform to the recorded trajectory. Higher amplitudes at higher frequencies

indicate more rapid and irregular movements, while lower-frequency components

correspond to smoother and more regular motion. This feature captures the

frequency characteristics of the child’s drawing behavior.
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Figure 3.22: Amplitude Spectrum Feature

3.3.6.2 Frequency Centroid

Frequency Centroid represents the average frequency of the drawing signal, weighted

by the amplitude spectrum. It indicates whether the movement is dominated by

lower or higher frequency components. Higher values correspond to faster and

more irregular movements, while lower values indicate smoother and more grad-

ual motion. This feature summarizes the overall frequency characteristics of the

child’s drawing behavior.
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Figure 3.23: Frequency Centroid Feature

3.3.6.3 Spectral Features

Spectral Features are extracted from the frequency-domain representation of the

drawing signal after applying the Fourier Transform. Unlike time-based features,

they describe how movement energy is distributed across different frequencies.

Together, these features capture the rhythm, variability, and overall frequency

characteristics of the drawing movements, providing complementary information

about the child’s drawing behavior.
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Figure 3.24: Spectral Features

3.3.7 Geometric Features

3.3.7.1 Line Inclination

Line Inclination measures the average orientation of the drawing strokes rela-

tive to the horizontal axis. It indicates whether the drawing is composed mainly

of horizontal, vertical, or diagonal movements. This feature describes the over-

all direction of the child’s drawing strokes and helps characterize the geometric

structure of the drawing.
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Figure 3.25: Line Inclination Feature

3.3.7.2 Curvature

Curvature measures how much a drawing stroke bends as it moves across the

surface. Higher curvature values indicate more curved or irregular strokes, while

lower values correspond to straighter and smoother movements. This feature de-

scribes the shape and complexity of the drawing trajectory, providing information

about the child’s drawing behavior.
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Figure 3.26: Curvature Feature

3.3.7.3 Bounding Box Area

Bounding Box Area measures the area of the smallest rectangle that completely

encloses a drawing. It indicates how much of the drawing surface is occupied by

the trajectory. Larger values correspond to drawings that cover a wider area,

while smaller values indicate more compact drawings. This feature describes the

overall spatial extent of the child’s drawing.

52



3.3 Feature Extraction

Figure 3.27: Bounding Box Area Feature

3.3.7.4 Rectangularity

Rectangularity measures how efficiently a drawing fills its bounding box. It is

computed as the ratio between the drawing area (or convex hull area) and the

area of the bounding box. Higher values indicate that the drawing occupies most

of the bounding box, while lower values correspond to more irregular or compact

shapes. This feature describes the overall spatial organization of the drawing.
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Figure 3.28: Rectangularity Feature

3.3.7.5 Compactness

Compactness measures how closely a drawing is packed by relating its area to its

perimeter. Higher values indicate more compact and regular shapes, while lower

values correspond to more elongated or irregular drawings. This feature describes

the overall shape and spatial organization of the drawing.
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Figure 3.29: Compactness Feature

3.3.7.6 Eccentricity

Eccentricity measures how much a drawing shape differs from a perfect circle by

evaluating its elongation. Values close to 0 indicate more rounded shapes, while

values close to 1 correspond to more elongated shapes. This feature describes the

overall shape and directional tendency of the drawing.
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Figure 3.30: Eccentricity Feature

3.3.7.7 Convex Hull Area

Convex Hull Area measures the area of the smallest convex shape that encloses

all the points in a drawing. Unlike the bounding box, it follows the outer shape of

the drawing more closely. Higher values indicate that the drawing covers a larger

area, while lower values correspond to more compact drawings. This feature

describes the overall spatial extent of the drawing.0
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Figure 3.31: Convex Hull Area Feature

3.3.7.8 Centroid Offset

Centroid Offset measures the distance between the center of the drawing and the

center of the drawing area. It indicates how far the drawing is shifted from the

middle of the available space. Higher values correspond to drawings positioned

farther from the center, while lower values indicate a more centered drawing.

This feature describes the overall spatial placement of the drawing.
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Figure 3.32: Centroid Offset Feature

3.3.7.9 Deviation from Centroid

Deviation from Centroid measures the average distance of all drawing points from

the drawing’s centroid. It indicates how widely the points are distributed around

the center of the drawing. Higher values correspond to more spread-out drawings,

while lower values indicate more compact drawings. This feature describes the

overall spatial dispersion of the drawing.
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Figure 3.33: Deviation from Centroid Feature

3.3.7.10 Average Centroid Radius

Average Centroid Radius measures the average distance of all drawing points from

the drawing’s centroid. It indicates how far the drawing extends from its center.

Higher values correspond to more expanded drawings, while lower values indicate

that the drawing is concentrated around the centroid. This feature describes the

overall spatial spread of the drawing.
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Figure 3.34: Average Centroid Radius Feature
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Chapter 4

Methodology

Summary

This chapter described the methodology used to develop and evaluate the pro-

posed emotion recognition system. It presented the dataset, preprocessing steps,

feature extraction process, and the image preparation procedure. The chapter

also explained the implementation of the Random Forest, MobileNetV2, and

the proposed hybrid model, together with the training strategy based on nested

Leave-One-Out Cross-Validation and hyperparameter optimization. Finally, the

evaluation metrics used to assess model performance were introduced, providing

the foundation for the experimental results presented in the next chapter.

4.1 Random Forest Approach

4.1.1 Overview of the Random Forest Regressor Model

Figure 4.1 illustrates the workflow of the Random Forest Regressor used in this

thesis. The model receives the extracted drawing features as input and generates

multiple decision trees using random subsets of the training data and features.
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Each tree produces its own prediction, and the final output is obtained by aver-

aging the predictions from all trees.

Unlike classification tasks, the Random Forest Regressor predicts continuous

values. In this work, it simultaneously estimates the two emotional dimensions

of each drawing: valence, which represents how positive or negative the emotion

is, and arousal, which indicates the level of emotional activation or intensity.

Figure 4.1: Random Forest Regressor Model

4.1.2 Valence–Arousal Emotion Grid

Figure 4.2 illustrates the two-dimensional valence–arousal model used to repre-

sent emotions. The horizontal axis represents valence, ranging from negative

emotions on the left to positive emotions on the right. The vertical axis rep-

resents arousal, ranging from low emotional activation at the bottom to high

emotional activation at the top.
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Each emoji corresponds to a different combination of valence and arousal,

showing how emotions vary in both positivity and intensity. In this thesis, the

Random Forest Regressor predicts these two continuous values—valence and

arousal—from the features extracted from children’s drawings.

Figure 4.2: Valence–Arousal Emotion Grid
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4.1.3 Dataset Creation Pipeline

The dataset was created by collecting, organizing, and matching the drawing

trajectories with their corresponding emotional annotations from the TRATTO

system. This produced a single structured dataset ready for machine learning.

The preprocessing pipeline was implemented in Python using the Pandas and

Pathlib libraries and consisted of two main stages:

1. Annotation aggregation and normalization

2. Feature extraction and dataset construction

4.1.3.1 Annotation Aggregation and Normalization

def list_annotation_files(directory: str) -> list:

p = Path(directory)

return [str(file) for file in p.rglob(’annotation*.tsv’)

if file.is_file() and "Can’t_Use" not in str(file)]

annotation_files = list_annotation_files(’Non_Acted_Data’)

annotations = pd.DataFrame()

for file in annotation_files:

annotations = pd.concat(

[annotations, pd.read_csv(file, sep=’\t’)],

ignore_index=True

)

annotations.to_csv(’annotations.csv’, index=False)

Table 4.1: Generation of the annotations dataset from raw annotation files.

The annotation files were merged into a single dataframe, and the trajectory

filenames were extracted and standardized to a consistent format. This ensured

that each trajectory could be correctly matched with its corresponding emotional

annotation.

The final annotation table contained only the trajectory filename together

with the normalized valence (x ) and arousal (y) coordinates and was saved as

annotations.csv.
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Figure 4.3: A portion of the generated annotation table

4.1.3.2 Feature extraction and dataset construction

After creating the annotation table, the trajectory files were matched with their

corresponding emotional labels to build the final machine learning dataset.

All valid *trajectories*.txt files were recursively collected from the Non

Acted Data directory. For each file, the trajectory data were loaded, the Fea-

tures module extracted the drawing descriptors, and the corresponding normal-

ized valence and arousal labels were retrieved from the annotation table. The

extracted features and labels were then combined into a single dataset entry.

Each row of the final dataset contains the extracted drawing features together

with the normalized valence (label x ) and arousal (label y) values.
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annotations = pd.read_csv("annotations.csv")

features_processor = Features()

dataset = pd.DataFrame()

for trajectory_file in trajectory_files:

trajectory_df = pd.read_csv(trajectory_file, sep="\t")

features_row = features_processor.compute_features(trajectory_df)

label = annotations.loc[

annotations["trajectory_filename"] == Path(trajectory_file).name,

["x_normalized", "y_normalized"]

].iloc[0]

features_row["label_x_normalized"] = label["x_normalized"]

features_row["label_y_normalized"] = label["y_normalized"]

dataset = pd.concat([dataset, features_row], ignore_index=True)

dataset.to_csv("dataset.csv", index=False)

Table 4.2: Generation of the final dataset through feature extraction and anno-
tation merging.

The complete dataset was finally exported as dataset.csv, resulting in a

dataset containing 134 samples and 342 features (shape: 134 × 342).

Figure 4.4: The generated dataset structure
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4.1.4 Data Preprocessing

After preprocessing, the dataset was split into training and testing sets to eval-

uate the performance of the Random Forest model. An 80:20 train–test split

was applied using Scikit-learn, with 80% of the data used for training and the

remaining 20% for testing. A fixed random seed (SEED = 41) was used to ensure

that the split was reproducible.

The following code snippet shows the dataset splitting procedure used in this

study.

SEED = 41

np.random.seed(SEED)

# Load data

DATA_PATH = Path(’dataset.csv’)

df = pd.read_csv(DATA_PATH).reset_index(drop=True)

print(’Original shape:’, df.shape)

dup_count = int(df.duplicated().sum())

print(’Duplicate rows:’, dup_count)

# Remove exact duplicate rows to reduce leakage/noise

df = df.drop_duplicates().reset_index(drop=True)

print(’Shape after deduplication:’, df.shape)

Table 4.3: Loading and preprocessing the dataset before model training.

4.1.5 Data Splitting

After preprocessing, the dataset was divided into training and testing subsets in

order to evaluate the performance of the Random Forest model on unseen data.

A train-test split strategy was applied using the (train test split) function from

the Scikit-learn library. In this work, 80% of the dataset was used for training,

while the remaining 20% was reserved for testing. The training set was used to

train the Random Forest model, whereas the testing set was used to evaluate the
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generalization capability of the model.

A fixed random seed (SEED = 41) was used during the splitting process to

ensure reproducibility of the experiments. This guarantees that the same samples

are assigned to the training and testing subsets across multiple executions.

The following code snippet shows the dataset splitting procedure used in this

study:

test_size = 0.2 # 20% for test set

train_df, test_df = train_test_split(

df,

test_size=test_size,

random_state=SEED

)

test_df

Table 4.4: Splitting the dataset into training and test subsets.

4.1.6 Multi-Output Random Forest Regressor

To predict the emotional state associated with each drawing, a Multi-Output

Random Forest Regressor was used to simultaneously estimate the two target

variables: valence (label_x_normalized) and arousal (label_y_normalized).

Since both targets are continuous values, the task was formulated as a multi-

output regression problem.

The model was trained using the extracted drawing features described in

Chapter 3. Before training, the target columns were removed from the input

data, only numerical features were retained, and missing values were replaced

using np.nan_to_num().

The Random Forest model was implemented using Scikit-learn’s RandomFore-

stRegressor with n_estimators = 500, random_state = SEED, n_jobs = -1,

and oob_score = True. These settings improve prediction stability, ensure re-
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producibility, enable parallel processing, and provide an out-of-bag estimate of

the model’s performance.

After training, the model predicted a valence and arousal value for each sample

in the test set. These predictions were then compared with the ground-truth

annotations to evaluate the model’s ability to estimate emotions from children’s

drawing features.

target_cols = ["label_x_normalized", "label_y_normalized"]

X_train = train_df.drop(columns=target_cols).select_dtypes(include=[np.number])

y_train = train_df[target_cols].values

X_test = test_df[X_train.columns]

y_test = test_df[target_cols].values

X_train = np.nan_to_num(X_train.values)

X_test = np.nan_to_num(X_test.values)

rf = RandomForestRegressor(

n_estimators=500,

random_state=SEED,

n_jobs=-1,

oob_score=True

)

rf.fit(X_train, y_train)

y_pred = rf.predict(X_test)

Table 4.5: Training and evaluating the Multi-Output Random Forest Regressor
on the training and test datasets.

4.1.7 Hyperparameter Tuning

To improve the performance of the baseline Random Forest model, hyperpa-

rameter tuning was performed using GridSearchCV. Different combinations of

key parameters, including the number of trees, tree depth, minimum samples for

splitting and leaf nodes, and the number of features considered at each split, were

evaluated to identify the best-performing configuration.

The optimization used Leave-One-Out Cross-Validation (LOOCV), where one

sample is used for validation and the remaining samples for training. This ap-
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proach is well suited for small datasets, as it allows the model to learn from nearly

all available data during each iteration.

The best parameter combination was selected based on the lowest Root Mean

Squared Error (RMSE). The optimized model was then evaluated on the test set

and used to predict the valence and arousal values of each drawing.

The following code snippet shows the hyperparameter tuning procedure used

in this study.

param_grid = {

"n_estimators": [100, 250, 300],

"max_depth": [1, 5, 10],

"min_samples_split": [2, 5, 10],

"min_samples_leaf": [1, 2, 3],

"max_features": ["log2"]

}

grid = GridSearchCV(

estimator=RandomForestRegressor(random_state=SEED),

param_grid=param_grid,

cv=LeaveOneOut(),

scoring="neg_root_mean_squared_error"

)

grid.fit(X_train, y_train)

best_model = grid.best_estimator_

Table 4.6: Hyperparameter tuning of the Random Forest Regressor using Grid
Search and Leave-One-Out Cross-Validation.

4.1.8 Model evaluation metrics

4.1.8.1 Mean Absolute Error (MAE)

The Mean Absolute Error (MAE) measures the average absolute difference be-

tween the predicted and actual values. It provides a simple and intuitive measure

of prediction accuracy, where lower values indicate better performance.
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MAE =
1

n

n∑
i=1

|yi − ŷi| (4.1)

where:

• n is the number of samples,

• yi is the true value,

• ŷi is the predicted value.

In this study, MAE was computed both as an overall score and separately for

the valence and arousal predictions.

overall_mae = mean_absolute_error(y_test, y_pred)

mae_per_target = mean_absolute_error(

y_test,

y_pred,

multioutput="raw_values"

)

Table 4.7: Computation of the Mean Absolute Error (MAE) for the overall model
and for each target variable.

4.1.8.2 Root Mean Squared Error (RMSE)

The Root Mean Squared Error (RMSE) measures the average difference between

the predicted and actual values, giving greater weight to larger errors. Lower

RMSE values indicate better model performance.

RMSE =

√√√√ 1

n

n∑
i=1

(ŷi − yi)
2 (4.2)

where:
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• n is the number of samples,

• yi is the true value,

• ŷi is the predicted value.

In this study, RMSE was calculated both as an overall score and separately

for the valence and arousal predictions.

overall_rmse = np.sqrt(

mean_squared_error(y_test, y_pred)

)

rmse_per_target = np.sqrt(

mean_squared_error(

y_test,

y_pred,

multioutput="raw_values"

)

)

Table 4.8: Computation of the Root Mean Squared Error (RMSE) for the overall
model and for each target variable.

4.1.8.3 Coefficient of Determination (R²)

The Coefficient of Determination (R2) measures how well the model explains

the variation in the target values. Higher R2 values indicate better predictive

performance, with R2 = 1 representing a perfect fit and R2 = 0 indicating that

the model performs no better than predicting the mean.

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2
(4.3)

where:

• yi is the true value,

• ŷi is the predicted value,
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• ȳ is the mean of the true values,

• n is the number of samples.

In this study, the R2 score was calculated both as an overall score and sepa-

rately for the valence and arousal predictions.

overall_r2 = r2_score(y_test, y_pred)

r2_per_target = r2_score(

y_test,

y_pred,

multioutput="raw_values"

)

Table 4.9: Computation of the coefficient of determination (R2) for the overall
model and for each target variable.

4.1.9 Leave-One-Out Cross-Validation (LOOCV)

After preparing the dataset, Leave-One-Out Cross-Validation (LOOCV) was used

to evaluate the generalization performance of the Random Forest Regressor. The

dataset was loaded from dataset.csv, duplicate samples were removed, and the

drawing features were used as inputs to predict the two target variables: valence

(label x normalized) and arousal (label y normalized).

In LOOCV, one sample is used for testing while all remaining samples are used

for training. This process is repeated until every sample has been used once as

the test sample. For each iteration, a Random Forest Regressor with 500 decision

trees was trained, and the predicted valence and arousal values were recorded.

The final predictions were compared with the ground-truth values using the

evaluation metrics described previously (MAE, RMSE, and R2), both overall and

separately for valence and arousal.
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4.1 Random Forest Approach

Figure 4.5: Leave-One-Out Cross-Validation Algorithm

target_cols = [

"label_x_normalized",

"label_y_normalized"]

X = df.drop(columns=target_cols).select_dtypes(include=[np.number])

X = np.nan_to_num(X.values)

y = df[target_cols].values

loo = LeaveOneOut()

y_pred = np.empty_like(y, dtype=float)

for train_idx, test_idx in loo.split(X):

rf = RandomForestRegressor(

n_estimators=500,

random_state=SEED,

n_jobs=-1)

rf.fit(X[train_idx], y[train_idx])

y_pred[test_idx[0]] = rf.predict(X[test_idx])[0]

overall_mae = mean_absolute_error(y, y_pred)

overall_rmse = np.sqrt(mean_squared_error(y, y_pred))

overall_r2 = r2_score(y, y_pred)

Table 4.10: Leave-One-Out Cross-Validation (LOOCV) Implementation for Ran-
dom Forest Regression
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4.1.10 Nested LOOCV with an inner GridSearchCV for

Hyperparameter Tuning

Figure 4.6: Nested Leave-One-Out Cross-Validation Algorithm

To obtain a more reliable estimate of the model’s performance, a nested Leave-

One-Out Cross-Validation (LOOCV) approach was used. The outer LOOCV loop

evaluated the model, while the inner LOOCV loop performed hyperparameter

tuning using GridSearchCV.

During each outer iteration, one sample was held out for testing and the

remaining samples were used for training. The inner loop searched for the best

combination of Random Forest hyperparameters using only the training data,

ensuring that the test sample was never involved in the tuning process.

The best hyperparameters were then used to train a new Random Forest

model, which predicted the valence and arousal values of the held-out sample.
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This process was repeated until every sample had been used once as the test

sample.

The final predictions were evaluated using MAE, RMSE, and R2, providing

an unbiased estimate of the model’s ability to generalize to unseen data.

outer_loo = LeaveOneOut()

inner_loo = LeaveOneOut()

param_grid = {

"n_estimators": [100, 250, 300],

"max_depth": [1, 5, 10],

"min_samples_split": [2, 5],

"min_samples_leaf": [1, 2],

"max_features": ["log2"],

}

y_pred = np.empty_like(y, dtype=float)

for train_idx, test_idx in outer_loo.split(X):

search = GridSearchCV(

RandomForestRegressor(random_state=SEED),

param_grid=param_grid,

cv=inner_loo,

scoring="neg_mean_absolute_error"

)

search.fit(X[train_idx], y[train_idx])

best_model = RandomForestRegressor(

random_state=SEED,

**search.best_params_

)

best_model.fit(X[train_idx], y[train_idx])

y_pred[test_idx[0]] = best_model.predict(X[test_idx])[0]

Table 4.11: Nested Leave-One-Out Cross-Validation with Grid Search for hyper-
parameter selection in the Random Forest Regressor.

4.1.11 Randomized Search with Nested LOOCV

To further optimize the Random Forest model, a nested Leave-One-Out Cross-

Validation (LOOCV) approach combined with RandomizedSearchCV was used.

The outer LOOCV loop evaluated the model, while the inner LOOCV loop
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searched for the best hyperparameters by randomly sampling different param-

eter combinations.

During each outer iteration, one sample was held out for testing and the re-

maining samples were used for training. The inner loop explored a broad range

of Random Forest hyperparameters, including the number of trees, tree depth,

minimum samples for splitting and leaf nodes, and the number of features con-

sidered at each split. The best parameter set was then used to train a new model

and predict the valence and arousal values of the held-out sample.

This process was repeated until every sample had been used once as the test

sample. The final predictions were evaluated using MAE, RMSE, and R2, pro-

viding an unbiased estimate of the model’s performance while exploring a wider

hyperparameter space than Grid Search.

Figure 4.7: Nested LOOCV with Randomized Search
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outer_loo = LeaveOneOut()

inner_loo = LeaveOneOut()

param_grid = {

"n_estimators": list(range(10, 1000, 10)),

"max_depth": [None] + list(range(2, 15)),

"min_samples_split": list(range(2, 6)),

"min_samples_leaf": list(range(1, 5)),

"max_features": list(range(5, X.shape[1] + 1)),

}

y_pred = np.empty_like(y, dtype=float)

for train_idx, test_idx in outer_loo.split(X):

search = RandomizedSearchCV(

estimator=RandomForestRegressor(random_state=SEED),

param_distributions=param_grid,

n_iter=100,

cv=inner_loo,

scoring="neg_mean_absolute_error",

random_state=SEED

)

search.fit(X[train_idx], y[train_idx])

best_model = RandomForestRegressor(

random_state=SEED,

**search.best_params_

)

best_model.fit(X[train_idx], y[train_idx])

y_pred[test_idx[0]] = best_model.predict(X[test_idx])[0]

Table 4.12: Nested Leave-One-Out Cross-Validation (LOOCV) with Randomized
Search for Random Forest Hyperparameter Tuning

4.1.12 Feature Importance Analysis

After the nested LOOCV with Randomized Search, a feature importance analysis

was performed to identify the drawing features that contributed most to the

Random Forest predictions. For each outer fold, the best model was used to

compute feature importance scores, which were then averaged across all folds.

The standard deviation was also calculated to measure the consistency of each

feature’s importance.
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4.1 Random Forest Approach

The top ten features were visualized using a horizontal bar chart. The results

showed that features related to drawing dynamics, such as acceleration, speed,

stroke duration, and velocity variation, together with geometric features such

as curvature and rectangularity, had the greatest influence on the predictions.

This suggests that both the movement patterns and the structural characteristics

of children’s drawings provide valuable information for estimating valence and

arousal.

Figure 4.8: Feature Importance Analysis
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fi_per_fold = []

for fold, (train_idx, _) in enumerate(outer_loo.split(X), start=1):

model = RandomForestRegressor(

random_state=SEED,

**best_params_per_fold[fold - 1]

)

model.fit(X[train_idx], y[train_idx])

fi_per_fold.append(model.feature_importances_)

fi_df = pd.DataFrame({

"feature": X_df.columns,

"mean_importance": np.mean(fi_per_fold, axis=0),

"std_importance": np.std(fi_per_fold, axis=0)

}).sort_values("mean_importance", ascending=False)

top_fi = fi_df.head(10)

Table 4.13: Random Forest Feature Importance Analysis Across LOOCV Folds

4.1.13 Random Forest Evaluation Using Top 10 Features

To investigate whether a smaller feature set could maintain the model’s perfor-

mance, an additional experiment was conducted using only the ten most impor-

tant features identified by the feature importance analysis. These features were

selected based on their average importance across the outer LOOCV folds.

A new dataset containing only the selected features was created, and Leave-

One-Out Cross-Validation (LOOCV) was repeated. For each fold, the Random

Forest Regressor was trained using the best hyperparameters obtained from the

previous nested randomized search, with any feature-dependent parameters ad-

justed to match the reduced feature set.

The final predictions were evaluated using MAE, RMSE, and R2, both overall

and separately for valence and arousal. This experiment assessed whether a

reduced set of highly informative features could achieve comparable predictive

performance while simplifying the model.
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TOP_N = 10

top_features = (

fi_df.sort_values("mean_importance", ascending=False)

["feature"]

.head(TOP_N)

.tolist()

)

X_all = df.drop(columns=target_cols).select_dtypes(include=[np.number])

X_top = X_all[top_features]

X_top = np.nan_to_num(X_top.to_numpy())

y = df[target_cols].to_numpy()

Table 4.14: Leave-One-Out Cross-Validation using the top-ranked features.
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4.2 MobileNet Model Approach

4.2.1 MobileNet Model Architecture

Figure 4.9: MobileNet Model Architecture

Figure 4.9 illustrates the MobileNet architecture used in this project to predict

the emotional dimensions of children’s drawings. Each drawing image is first

passed through the MobileNet backbone, where a series of depthwise separable

convolution layers extract meaningful visual features while keeping the model

computationally efficient.

The extracted feature vector is then processed by fully connected layers to

produce two continuous outputs: valence and arousal. These values represent

the emotional position of the drawing in the valence–arousal space. The model is

trained to minimize the difference between the predicted and ground-truth values,
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and its performance is evaluated using MAE, RMSE, and R2.

4.2.2 Dataset Preparation for MobileNet

Figure 4.10: Mobile Net Dataset Generation

To prepare the dataset for the MobileNet model, all drawing images and annota-

tion files were collected from the main data directory, while invalid folders were

excluded. The annotation files provided the normalized valence (x normalized)

and arousal (y normalized) labels associated with each drawing.

Both standard annotation files and drawing export annotation files were pro-

cessed to obtain the image paths and corresponding emotional labels. Only sam-

ples with valid image files were retained, and the final dataset was saved as

dataset images.csv. Each row contains the image path together with its nor-

malized valence and arousal values, which serve as the target variables for the
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MobileNet model.

4.2.3 Image Loading and Preprocessing for MobileNetV2

After creating dataset images.csv, the drawing images were loaded and pre-

processed for the MobileNet model. A fixed random seed was used to ensure

reproducibility, and each image was converted to RGB, resized to 224 × 224

pixels, and normalized to the range [0, 1].

The processed images were stored in the input array X, while the correspond-

ing normalized valence (x normalized) and arousal (y normalized) values were

stored in the target array y. These data were then used to train the MobileNet

model as a two-output regression task.

SEED = 42

np.random.seed(SEED)

tf.random.set_seed(SEED)

df = pd.read_csv("dataset_images.csv")

def load_and_preprocess(img_path, target_size=(224, 224)):

img = Image.open(img_path).convert("RGB")

img = img.resize(target_size)

return np.array(img).astype(np.float32) / 255.0

X = np.array([load_and_preprocess(p) for p in df["draw_filepath"]])

y = df[["x_normalized", "y_normalized"]].to_numpy()

Table 4.15: Image Loading and Preprocessing for MobileNetV2

4.2.4 MobileNetV2 Model Training and Validation

The image dataset was split into training and validation sets using an 80:20 ratio.

To improve the model’s ability to generalize, light data augmentation, including

small rotations, shifts, and horizontal flipping, was applied to the training images.

A pre-trained MobileNetV2 model was used as the feature extractor, and its
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original classification head was replaced with a regression head that predicts the

normalized valence and arousal values. During the initial training phase, the

MobileNetV2 layers were frozen, and only the new regression layers were trained.

The model was optimized using the Adam optimizer with Mean Squared Error

(MSE) as the loss function and Mean Absolute Error (MAE) as the evaluation

metric. Early stopping was used to prevent overfitting by restoring the model

weights that achieved the best validation performance. After training, the model

was evaluated on the validation set by comparing the predicted and true valence

and arousal values.

X_train, X_val, y_train, y_val = train_test_split(

X, y,

test_size=0.2,

random_state=SEED

)

history = model.fit(

datagen.flow(X_train, y_train, batch_size=16),

validation_data=(X_val, y_val),

epochs=100,

callbacks=[early_stop]

)

val_predictions = model.predict(X_val)

val_mae = np.mean(

np.abs(val_predictions - y_val),

axis=0

)

Table 4.16: MobileNetV2 Training and Validation

4.2.5 Final MobileNetV2 Training on the Complete Dataset

After the initial evaluation, a final MobileNetV2 model was trained using the

entire dataset to make use of all available drawing samples. The pre-trained

MobileNetV2 backbone was used as a feature extractor, while a custom regression

head was added to predict the normalized valence and arousal values.
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The model was trained using the Adam optimizer with Mean Squared Error

(MSE) as the loss function and Mean Absolute Error (MAE) as the evaluation

metric. Data augmentation was applied to improve generalization, and early

stopping monitored the training loss to prevent overfitting by restoring the best

model weights.

X_full = np.concatenate([X_train, X_val], axis=0)

y_full = np.concatenate([y_train, y_val], axis=0)

base_model = tf.keras.applications.MobileNetV2(

weights="imagenet",

include_top=False,

input_shape=(224, 224, 3)

)

base_model.trainable = False

x = tf.keras.layers.GlobalAveragePooling2D()(base_model.output)

x = tf.keras.layers.Dense(128, activation="relu")(x)

x = tf.keras.layers.Dropout(0.3)(x)

outputs = tf.keras.layers.Dense(2, activation="linear")(x)

model = tf.keras.Model(base_model.input, outputs)

model.compile(

optimizer=tf.keras.optimizers.Adam(learning_rate=1e-3),

loss="mse",

metrics=["mae"]

)

history = model.fit(

datagen.flow(X_full, y_full, batch_size=16),

epochs=100,

callbacks=[early_stop]

)

Table 4.17: Final MobileNetV2 Model Training on the Complete Dataset

4.3 Hybird Model Approach

4.3.1 Hybrid Model Architecture

Figure 4.11 illustrates the hybrid model proposed in this thesis. Each drawing

is processed through two parallel branches. The first branch extracts the top
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ten handcrafted trajectory features, which are used by the Random Forest model

to predict valence and arousal. The second branch processes the drawing image

using MobileNetV2 to produce a second set of predictions.

The outputs of both models are then combined using a late fusion strategy

based on simple averaging. The resulting fused prediction represents the final

estimated valence and arousal values for each drawing, allowing the hybrid model

to leverage both handcrafted features and visual information.

Figure 4.11: Hybrid Model Architecture

4.3.2 Hybrid Model Data Preparation

To combine the Random Forest and MobileNetV2 models, a hybrid dataset was

created by matching the trajectory features with their corresponding drawing

images. Only samples containing both valid handcrafted features and a matching

image were included.
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The Random Forest model used the top ten most important handcrafted fea-

tures, while the corresponding images were resized to 224 × 224 pixels and nor-

malized for MobileNetV2. Both models shared the same target variables: the

normalized valence and arousal coordinates.

4.3.3 Hybrid Training Procedure

The hybrid model was evaluated using nested Leave-One-Out Cross-Validation

(LOOCV). In each outer fold, one sample was used for testing while the remain-

ing samples were used for training. Both the Random Forest and MobileNetV2

models were trained and evaluated using the same train–test split.

For the Random Forest model, an inner Grid Search with LOOCV was used

to select the best hyperparameters before training the model on the full training

set. At the same time, a MobileNetV2 model with ImageNet pre-trained weights

was trained using the training images, with data augmentation and early stopping

applied to improve generalization.

Both models then predicted the valence and arousal values of the held-out

sample. This process was repeated until every sample had been tested once,

producing a complete set of out-of-sample predictions. These predictions were

then combined and used as the input to the final hybrid fusion model.
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hybrid_results_df = pd.DataFrame({

"trajectory_filename": hybrid_df["trajectory_filename"],

"draw_filepath": hybrid_df["draw_filepath"],

"actual_valence": y[:, 0],

"actual_arousal": y[:, 1],

"valence_rf": y_pred_rf[:, 0],

"arousal_rf": y_pred_rf[:, 1],

"valence_mobnet": y_pred_mobnet[:, 0],

"arousal_mobnet": y_pred_mobnet[:, 1],

})

hybrid_results_df.to_csv(HYBRID_RESULTS_PATH, index=False)

Table 4.18: Hybird Model - Random Forest and Mobile Net
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Chapter 5

Results and Plotting

Summary

This chapter presented the experimental results of the proposed emotion recog-

nition models. It evaluated the Random Forest, MobileNetV2, and hybrid ap-

proaches, showing that the optimized Random Forest achieved the best overall

performance, especially for valence prediction. Although the hybrid model im-

proved upon MobileNetV2, it did not outperform the Random Forest. Finally, the

Wilcoxon Signed-Rank Test confirmed the statistical significance of the observed

performance differences, providing a solid basis for the conclusions presented in

the next chapter.
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5.1 Trajectory Concentration

Figure 5.1: Distribution of drawings in the valence-arousal space represented
using a hexagonal binning visualization.

Figure 5.1 shows the distribution of the annotated drawings in the valence-arousal

space. Most samples are concentrated in the high-valence, high-arousal region,

while other areas contain fewer drawings. This imbalance may lead to better

predictions for well-represented emotions and lower accuracy for less frequent

emotional states.
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Figure 5.2: Distribution of drawings in the valence-arousal space represented
using a hexagonal binning visualization.

.Figure 5.2 shows the kernel density estimation (KDE) of the drawings in the

valence-arousal space. The highest concentration of samples appears in the high-

valence, high-arousal region, while the remaining areas are less populated. This

uneven distribution may cause the model to perform better on common emotional

states and less accurately on underrepresented ones.

5.2 Random Forest Model: Leave-One-Out Cross-

Validation Results

The baseline Random Forest model was evaluated using Leave-One-Out Cross-

Validation (LOOCV), where each drawing was used once for testing and the

remaining 129 drawings for training. The model was trained on 130 samples with
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340 numerical features using 500 trees and the selected hyperparameters.

The model achieved an overall MAE of 0.243 and an RMSE of 0.296. Valence

was predicted more accurately (MAE = 0.204, RMSE = 0.265, R2 = 0.214) than

arousal (MAE = 0.282, RMSE = 0.323, R2 = -0.010). Overall, the results suggest

that the extracted drawing features capture valence more effectively than arousal,

while the lower performance for arousal may be related to the limited dataset and

the uneven distribution of samples across the valence-arousal space.

Table 5.1: Leave-One-Out Cross-Validation performance of the Random Forest
Regressor.

Target MAE RMSE R2

Valence 0.204 0.265 0.214
Arousal 0.282 0.323 -0.010
Overall 0.243 0.296 0.102

5.2.1 Nested LOOCV with an inner GridSearchCV for

hyperparameter tuning

Nested Leave-One-Out Cross-Validation (Nested LOOCV) was used to obtain a

more reliable estimate of the model’s performance while tuning the hyperparam-

eters within each training fold. The optimized model achieved an overall MAE

of 0.246 and an RMSE of 0.299.

Table 5.2: Performance of the Random Forest Regressor evaluated using Nested
Leave-One-Out Cross-Validation.

Target MAE RMSE R2

Valence 0.207 0.270 0.186
Arousal 0.285 0.325 -0.023
Overall 0.246 0.299 0.082

As in the baseline evaluation, valence was predicted more accurately (MAE =

0.207, RMSE = 0.270, R2 = 0.186) than arousal (MAE = 0.285, RMSE = 0.325,
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R2 = -0.023). The slightly lower performance compared to standard LOOCV

is expected, as nested cross-validation provides a less biased estimate of gener-

alization performance. Overall, the results indicate that the extracted drawing

features are more informative for predicting valence than arousal.

Figure 5.3: Cross-validation RMSE for different Random Forest hyperparameter
configurations

Figure 5.3 compares the true and predicted valence-arousal annotations ob-

tained with Nested LOOCV. The model captures the overall trend of the data

but tends to predict values closer to the center of the emotional space, making

extreme emotions harder to estimate. This behavior is likely influenced by the

limited dataset and the uneven distribution of emotional annotations.
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5.3 Randomized Search Results

The results obtained from the Randomized Search were used to define the hyper-

parameter search space for the subsequent Grid Search. Instead of exploring a

large range of possible values, the Grid Search focused only on the most promising

hyperparameter combinations identified during the Randomized Search, allowing

a finer optimization of the Random Forest model.

Table 5.3: Hyperparameter search space used for the Grid Search, refined from
the best hyperparameter values obtained during the Randomized Search.

Hyperparameter Values
Number of trees (n estimators) 30, 170, 190, 310
Maximum tree depth (max depth) None, 7
Minimum samples to split a node (min samples split) 2, 3
Minimum samples per leaf (min samples leaf) 1, 2
Maximum number of features (max features) 1–10

5.3.1 Top N Feature Importance from the Randomized

Search

Following the Randomized Search and the feature importance analysis, the ten

most influential handcrafted features were selected. These features correspond to

the highest average importance values obtained across all Leave-One-Out Cross-

Validation (LOOCV) folds. They were subsequently used as the input features

for the optimized Random Forest model and for the Random Forest component

of the proposed hybrid model.
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Figure 5.4: Top 10 Feature Importance from the Randomized Search

5.3.2 Train a Random Forest Grid Search on Top 10 Fea-

tures and Best Parameters from the Randomized

Search

After the Randomized Search identified the most promising hyperparameter val-

ues, a refined Grid Search was performed using only the 10 most important fea-

tures. This reduced the feature space and enabled a more focused optimization

of the Random Forest model.

Metric Overall Valence Arousal
MAE 0.2283 0.1860 0.2706
RMSE 0.2850 0.2480 0.3177
R2 0.1684 0.3135 0.0233

Table 5.4: Performance of the optimized Random Forest model using the top 10
most important features and Grid Search hyperparameter tuning.
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Figure 5.5: Prediction performance of the optimized Random Forest model using
the top 10 selected features.

Figure 5.5 shows the performance of the optimized Random Forest model

trained with the 10 most important features. Valence was predicted more accu-

rately (MAE = 0.1860, RMSE = 0.2480, R2 = 0.3135) than arousal (MAE =

0.2706, RMSE = 0.3177, R2 = 0.0233). The predicted values follow the overall

trend of the ground-truth annotations but tend to be less extreme. The error

plots show that most prediction errors are centered around zero, although larger

deviations are observed for arousal, highlighting its greater difficulty to predict.

5.4 Hybird Model Performance

Table 5.5 compares the performance of the Random Forest and MobileNetV2

models on the aligned dataset. The Random Forest consistently outperformed

MobileNetV2, achieving lower MAE and RMSE values for both valence and

arousal. It also achieved a positive R2 for valence (0.3286), while MobileNetV2
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produced negative R2 values for both emotional dimensions. Overall, the hand-

crafted trajectory features were more effective than the image-based approach,

although the predictions from both models were retained for the subsequent hy-

brid fusion stage.

Metric Model Valence Arousal

MAE
Random Forest 0.1890 0.2702
MobileNetV2 0.2641 0.2872

RMSE
Random Forest 0.2518 0.3197
MobileNetV2 0.3293 0.3428

R2 Random Forest 0.3286 0.0078
MobileNetV2 -0.1487 -0.1403

Table 5.5: Performance comparison between Random Forest and MobileNetV2
on the aligned hybrid dataset.

Figure 5.6: Comparison of the ground-truth and predicted emotional coordinates
for the Random Forest and MobileNetV2 models

Figure 5.6 compares the predictions of the Random Forest and MobileNetV2

models in the valence-arousal space. The Random Forest predictions are gen-

erally closer to the ground-truth annotations, while MobileNetV2 shows larger

deviations. These observations agree with the evaluation metrics, confirming
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that the Random Forest model provides more accurate emotion predictions than

MobileNetV2 when the models are evaluated independently.

5.4.1 Hybird Model Results

The hybrid model was created by averaging the predictions of the Random For-

est and MobileNetV2 models for both valence and arousal. The average fusion

achieved an MAE of 0.2179 for valence and 0.2693 for arousal. The RMSE

values were 0.2726 and 0.3154, respectively. The model obtained an $R2̂$ of

0.2128 for valence and 0.0348 for arousal, showing that the hybrid approach im-

proved arousal slightly, while valence remained better predicted by the Random

Forest model.

Table 5.6: Performance of the average hybrid model on the aligned dataset.

Metric Valence Arousal
MAE 0.2179 0.2693
RMSE 0.2726 0.3154
R2 0.2128 0.0348
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Figure 5.7: Scatter plots comparing the predicted and ground-truth valence and
arousal values for the Random Forest, MobileNetV2, and hybrid models.

Figure 5.7 compares the predicted and ground-truth values for the Random
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Forest, MobileNetV2, and hybrid models using scatter plots. The red dashed line

represents perfect predictions, while the black line shows the linear trend between

the predicted and actual values. A stronger relationship is indicated by points

lying closer to the diagonal and a steeper regression line.

For valence, the Random Forest exhibits the strongest relationship with the

ground truth, with predictions more closely following the ideal line. MobileNetV2

shows greater dispersion and a flatter trend, indicating weaker predictive perfor-

mance. The hybrid model provides intermediate results but does not surpass the

Random Forest.

For arousal, all three models display a much weaker relationship with the

ground-truth values, as reflected by the nearly horizontal regression lines and the

larger spread of points. This suggests that arousal is more difficult to predict

than valence regardless of the model used.

Overall, the figure supports the quantitative evaluation, confirming that the

Random Forest achieves the best overall performance, particularly for valence,

while the hybrid model offers only a modest improvement over MobileNetV2 and

limited gains compared with the Random Forest.
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Figure 5.8: Error Distribution by Target and Model

Figure 5.8 presents the distribution of the absolute prediction errors for

the Random Forest, MobileNetV2, and hybrid models on the valence and arousal

dimensions. Since the errors are absolute, all values are non-negative, and smaller

values indicate more accurate predictions. The width of each violin represents

the density of the errors, while the embedded boxplot summarizes the median

and interquartile range.

For valence, the Random Forest shows the lowest error distribution, with

most prediction errors concentrated near zero. MobileNetV2 exhibits a wider

distribution and larger errors, whereas the hybrid model produces intermediate

results, reducing some of the larger errors but not outperforming the Random

Forest. A similar pattern is observed for arousal, although the error distributions

are generally wider for all three models, indicating that arousal is more difficult

to predict than valence.

Overall, the figure supports the quantitative evaluation results. The Random

Forest provides the most consistent predictions, particularly for valence, while the
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hybrid model offers only a modest improvement over MobileNetV2 and performs

similarly to the Random Forest for arousal.

5.4.2 Wilcoxon Signed-Rank Test

The Wilcoxon Signed-Rank Test is a non-parametric statistical test used to com-

pare two related sets of observations. It evaluates whether the median difference

between paired samples is significantly different from zero. Unlike the paired t-

test, the Wilcoxon test does not assume that the data are normally distributed,

making it particularly suitable for small datasets or data that may violate the

normality assumption.

In this study, each drawing produced a prediction from multiple models. Since

the prediction errors from the Random Forest, MobileNetV2, and hybrid models

were calculated on the same drawings, the observations are naturally paired. The

Wilcoxon Signed-Rank Test was therefore used to compare the absolute prediction

errors of the models while accounting for this pairing.

The test begins by computing the difference between the prediction errors of

the two models for each drawing. Differences equal to zero are ignored because

they provide no evidence that one model performs differently from the other. The

remaining differences are converted to their absolute values and ranked from the

smallest to the largest. The original sign of each difference (positive or negative)

is then assigned to its corresponding rank. Finally, the ranks of the positive and

negative differences are summed separately. If both models perform similarly,

the positive and negative rank sums are expected to be nearly equal. A large

imbalance between these sums indicates that one model consistently produces

smaller prediction errors than the other.

The test returns two values: the Wilcoxon statistic (W) and the p-value. The

Wilcoxon statistic summarizes the ranked differences between the paired observa-
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tions, while the p-value indicates whether the observed difference is statistically

significant. The hypotheses are defined as follows:

Null hypothesis (H0): There is no significant difference between the prediction

errors of the two models. Alternative hypothesis (H1): There is a significant

difference between the prediction errors of the two models.

A significance level of 0.05 was adopted in this study. If the p-value is less than

0.05, the null hypothesis is rejected, indicating that the difference in prediction

errors between the two models is statistically significant. Otherwise, the null

hypothesis cannot be rejected, suggesting that any observed difference is likely

due to random variation.

The Wilcoxon Signed-Rank Test was performed separately for the valence and

arousal dimensions to compare the performance of the Random Forest and hybrid

models, as well as the MobileNetV2 and hybrid models. This analysis comple-

ments the evaluation metrics (MAE, RMSE, and R2) by determining whether

the observed differences in prediction accuracy are statistically meaningful rather

than the result of chance.

Target Comparison W p-value α = 0.05 Decision
Valence RF vs Hybrid 2309 0.00083 Yes Reject H0

Arousal RF vs Hybrid 3467 0.78475 No Fail to reject H0

Valence MobileNet vs Hybrid 1620 2.33× 10−7 Yes Reject H0

Arousal MobileNet vs Hybrid 2712 0.02289 Yes Reject H0

Table 5.7: Results of the Wilcoxon Signed-Rank Test comparing the prediction
errors of the Random Forest, MobileNetV2, and hybrid models.

Table 5.7 presents the results of the Wilcoxon Signed-Rank Test used to com-

pare the prediction errors of the hybrid model with those of the Random Forest

and MobileNetV2 models. A significance level of 0.05 was adopted.

For the Random Forest versus hybrid comparison, a statistically signif-

icant difference was found for valence (p = 0.00083), indicating that the two
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models performed differently. Since the Random Forest achieved a lower MAE

(0.1890) than the hybrid model (0.2179), the Random Forest provided signifi-

cantly better predictions for valence. In contrast, no significant difference was

observed for arousal (p = 0.78475), suggesting that the small difference in MAE

between the two models (0.2702 vs. 0.2693) is not statistically meaningful.

For the MobileNetV2 versus hybrid comparison, statistically significant

differences were found for both valence (p = 2.33 × 10) and arousal (p =

0.02289). In both cases, the hybrid model achieved lower MAE values than

MobileNetV2, indicating that combining the Random Forest and MobileNetV2

predictions significantly improved performance over using MobileNetV2 alone.

Overall, the Wilcoxon Signed-Rank Test confirms that the hybrid model pro-

vides a significant improvement over MobileNetV2 for both emotional dimen-

sions. However, it does not outperform the Random Forest. For valence,

the Random Forest remains significantly more accurate than the hybrid model,

while for arousal the two models achieve statistically similar performance. These

findings are consistent with the MAE, RMSE, and $R2̂$ results presented earlier.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

This thesis presented a multimodal framework for predicting children’s emotions

from drawings using machine learning techniques. The work extends the existing

TRATTO tangible drawing interface by adding an automatic emotion recognition

component capable of estimating children’s affective states in the two-dimensional

valence–arousal space.

Three different approaches were investigated. The first used a Random Forest

Regressor trained on handcrafted features extracted from the drawing trajecto-

ries. These features described different aspects of the drawing process, including

temporal, kinematic, geometric, structural, and spectral characteristics. The sec-

ond approach employed a MobileNetV2 deep learning model trained directly on

images of the completed drawings. Finally, a hybrid model combined the predic-

tions of both approaches through a late-fusion strategy based on averaging.

The experimental evaluation showed that the Random Forest model achieved

the best overall performance. After feature selection and hyperparameter opti-

mization, the model produced the lowest prediction errors and the highest co-

efficient of determination, particularly for the valence dimension. The feature

importance analysis also demonstrated that only a small subset of trajectory fea-
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tures contributed most of the predictive power, showing that the dynamics of the

drawing process contain valuable information about children’s emotional states.

Although the MobileNetV2 model was able to learn visual patterns from the

completed drawings, its performance was lower than that of the Random Forest

model. This suggests that, for the available dataset, the way children produced

their drawings contained more useful emotional information than the final draw-

ing itself.

The proposed hybrid model successfully combined the outputs of both mod-

els and achieved a small improvement over MobileNetV2, especially for arousal

prediction. However, it did not outperform the optimized Random Forest model.

The Wilcoxon Signed-Rank Test confirmed these findings by showing that the

hybrid model significantly improved upon MobileNetV2 but did not provide a

statistically significant improvement over the Random Forest model.

Overall, the results demonstrate that children’s drawing behaviour contains

meaningful information for estimating emotional states. In particular, trajectory-

based features describing movement dynamics appear to be highly informative

for continuous emotion prediction. These findings support the use of embodied

interaction as a valuable source of affective information and demonstrate the

potential of combining tangible interfaces with machine learning to support socio-

emotional learning in educational environments.

Beyond the predictive models themselves, this work contributes a complete

machine learning pipeline, including dataset preparation, feature extraction, model

optimization, multimodal fusion, and statistical evaluation. The proposed frame-

work provides a foundation for integrating automatic emotion recognition into

tangible educational technologies, enabling teachers to better understand chil-

dren’s emotional expression while preserving the natural and embodied nature of

the drawing activity.
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6.2 Limitations

The main limitation is the relatively small size of the dataset. Although Leave-

One-Out Cross-Validation and nested cross-validation were used to obtain reliable

performance estimates, larger datasets would likely improve the generalization

ability of the models, particularly for deep learning approaches.

Another limitation is the imbalance of the emotional annotations. Most draw-

ings were concentrated in the high-valence, high-arousal region of the emotion

space, while fewer samples represented other emotional states. This imbalance

made some emotions more difficult to predict and likely contributed to the lower

performance observed for arousal.

In addition, the hybrid model used a simple averaging strategy to combine

the predictions of the Random Forest and MobileNetV2 models. More advanced

fusion techniques could potentially exploit the complementary information from

both modalities more effectively.

Finally, the experiments focused only on data collected with the TRATTO sys-

tem in controlled educational activities. Additional validation in different class-

room settings and with more diverse participant groups would further strengthen

the applicability of the proposed framework.

6.3 Future Work

Several directions can be explored to further improve this research.

The first priority is the collection of a larger and more balanced dataset.

Increasing the number of drawings and obtaining a more uniform distribution

across the valence–arousal space would allow the models to learn a wider range

of emotional behaviours and improve their ability to generalize.

Future work could also investigate more advanced multimodal fusion tech-
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niques. Instead of averaging the predictions of the individual models, feature-

level fusion or attention-based deep learning architectures could better capture

the complementary relationship between trajectory features and drawing images.

Another possible extension is the inclusion of additional modalities, such as

pressure information, pen orientation, drawing timing, facial expressions, body

movements, or physiological signals. Combining multiple behavioural sources

may provide a richer representation of children’s emotional states.

The framework could also be evaluated in long-term classroom studies to

examine how automatic emotion recognition can support teachers during socio-

emotional learning activities. Rather than providing isolated predictions, the

system could generate emotional summaries over time, helping educators identify

emotional trends, encourage discussion, and monitor classroom well-being.

Finally, future research should continue to address ethical aspects of affec-

tive computing in educational environments. Ensuring transparency, protecting

children’s privacy, and supporting teachers rather than replacing their judgment

remain essential considerations for the responsible deployment of intelligent edu-

cational technologies.
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