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1. INTRODUCTION

ABSTRACT

Affective computing Affective computing, or more strictly speaking, its recognition and
interpretation of human emotions, has emerged as an influential model in the redesigning
of art education. This paper will examine how emotion-sensitive technologies can be
applied to contemporary art schools to improve creativity, participation, and self-
directed learning. Conventional pedagogy of art tend to focus on technical achievement
and abstract exploration but does not acknowledge the emotional relations that is the
foundation of art. With the introduction of affective computing (recognition of emotions
based on facial expressions, tonal, and physiological elements), the educator will be able
to more effectively understand the emotional state of the learners and incorporate this
knowledge in the instructional approach. The study applies multimodal data gathering in
academic arts, including emotion, performance and interaction records to come up with
affect-adaptive systems. Emotion classification methods based on machine learning,
including CNNs, LSTMs, and multimodal fusion networks, are applied, whereas the
performance of the systems is measured by such metrics as accuracy, F1-score, and
emotional congruence index. The suggested affect-aware art education platform gives
real time emotional feedback, adaptive learning and the use of digital art tools in order to
facilitate expressive development. The experimental applications show that emotion-
augmented assignments and feedback loops can enhance motivation and quality of the
work done by learners.

Keywords: Affective Computing, Emotion Recognition, Art Education, Creative
Learning, Emotional Intelligence, Adaptive Pedagogy

The art education has generally been considered as a sphere where cognitive ability, emotional intelligence, and
creative inquiry overlap. Within recent years, the swift development of artificial intelligence (Al) and machine learning
(ML) made possible a novel interdisciplinary paradigm, which has been dubbed affective computing by the community

How to cite this article (APA): Jagarajan, M., Narayana, A, Sood, S., Upadhyay, A., Datar, D, S., and Munjal, K. (2025). Affective 171
Computing in Modern Art Education. ShodhKosh: Journal of Visual and Performing Arts, 6(4s), 171-180. doi:
10.29121/shodhkosh.v6.i4s.2025.6850



https://www.granthaalayahpublication.org/Arts-Journal/index.php/ShodhKosh
https://www.granthaalayahpublication.org/Arts-Journal/index.php/ShodhKosh
https://doi.org/10.29121/granthaalayah.v9.i6.2021.3923
https://dx.doi.org/10.29121/granthaalayah.v10.i3.2022.4503
https://dx.doi.org/10.29121/shodhkosh.v6.i4s.2025.6850
mailto:manikandan.avcs0122@avit.ac.in
https://dx.doi.org/10.29121/shodhkosh.v6.i4s.2025.6850
https://dx.doi.org/10.29121/shodhkosh.v6.i4s.2025.6850
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0003-3320-7393
https://orcid.org/0009-0004-4033-0159
https://orcid.org/0009-0001-4900-5879
https://orcid.org/0000-0003-2500-0122
https://crossmark.crossref.org/dialog/?doi=10.29121/shodhkosh.v6.i4s.2025.6850&domain=pdf&date_stamp=2025-12-25
mailto:manikandan.avcs0122@avit.ac.in
mailto:ananta.narayana@niu.edu.in
mailto:saksham.sood.orp@chitkara.edu.in
mailto:abhishek.upadhyay@arkajainuniversity.ac.in
mailto:dinesh.datar@vit.edu
mailto:kalpana.m@vgu.ac.in

Affective Computing in Modern Art Education

a discipline for the identification, perception, and reaction to human emotions using computational systems. In the
framework of contemporary art education, affective computing provides a new way of comprehending the emotional
aspects of artistic work and improving the learning process with emphatic and adaptive technologies. This incorporation
makes the art classroom more dynamic than a static setting of skills acquisition and behaves like an ecosystem that
reacted to the affective condition of the learner and makes creativity, engagement, and self-expression more enriched
Khare et al. (2024). The process of artistic learning is emotional in nature, it entails curiosity, frustration, joy, and
introspection as the students move back and forward between ideation and technicality. Nevertheless, classic pedagogic
models tend to overlook the systematic approach towards these emotional processes. Subjective observation is the tool
which teachers use to determine the interest of the learners, however, the subtle affective implications like micro-
expressions, tones of voice, or physiological indications are mostly in quantifiable scales Mohana and Subashini (2024).
Affective computing fills this void by implementing the state of the art sensors, computer vision and multimodal emotion
recognition models to identify the emotional state in real time.

These technologies are able to read facial expressions with the help of convolutional neural networks (CNNs),
predict speech patterns with the help of recurrent networks or transformers, and even evaluate the physiological
reactions like the heart rate variability or skin conductance to make more profound emotional conclusions. When applied
with respect to art education, these technologies enable teachers to deliver emotion-responsive learning. Indicatively,
the system can provide supportive feedback, alternative creative suggestion, or soothing visual effects to the student
when he/she displays frustration during a digital painting assignment Canal et al. (2022). On the other hand, the
excitement level in the course of experimentation may be enhanced through the proposals of the advanced tools or
cooperative activities. In this way, affective computing creates a basis of a feedback where the emotional state of the
learner directly influences the pedagogical approach resulting in more individualized and empathetic learning outcomes.
Affective computing also changes the connection between creativity and cognition through the integration of affective
computing. The conventional approaches to creativity focus on divergent thinking and problem solving, but the element
of emotional involvement is also a key to the long-term artistic growth. Through the process of capture and analysis of
affective patterns, educators and systems can detect emotional stimuli that boost or inhibit the creative flow El et al.
(2023). This knowledge can be used to create emotion-enhanced tasks to induce a certain emotional background to
arouse artistic imagination.

2. RELATED WORK

There have been increasing scholarly interests in the field of Affective Computing (AC) application in education, but
there is limited use of this method in the context of art education. Recently, Affective Computing for Learning in
Education: A Systematic Review and Bibliometric Analysis (2025) surveyed the studies in the field of affective-computing
in the educational context in the last decade. The authors demonstrate that the majority of research has focused on the
creation of systems to recognize or express emotions, and it is mostly conducted in a traditional classroom and in STEM
classes. Such a gap implies that there is a profound necessity to bring AC to the arts and creative-learning settings - which
is one of the reasons why we are proposing Elsheikh et al. (2024). Other general-education research on the use of AC has
involved attempts to use facial-expression recognition, speech analysis, and physiological indicators (e.g., EEG, ECG,
galvanic skin response, etc.) to learners to determine their affective state. As an illustrative case, a recent paper Emotion-
Aware Education through Affective Computing (2025) introduces an EEG-based affect recognition into the classroom
environment, which allows real-time classification of the emotional states of students along the valence/arousal
dimensions which allow adaptive teaching interventions based on emotional feedback Agung et al. (2024). Within the
frames of arts or creative education, a small body of research has already started to investigate the potential of AC. The
article Leveraging Emotion Recognition to Enhancing Arts Teaching Effectiveness (2023) proves the possibility of using
Al-based behavior analysis and emotion recognition in the course of participating in the art-course as the means to
inform the pedagogical choices and alter the strategies of the teaching process depending on the affective involvement
of the students. In the meantime, classroom-emotion recognition through visual emotion identification (e.g., facial-
expression analysis) has not only revealed potential improvements in the quality of classroom dynamics in general but
also it has allowed providing a timely feedback during the learning process. Technically, the general AC literature is a
fruitful source. The article A Systematic Review on Affective Computing: Emotion Models, Databases, and Recent
Advances presents a review of some of the most critical emotion-models (dimensional and categorical), large public
datasets (visual, audio, physiological), and state-of-the-art unimodal and multimodal recognition architectures Singh
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. The review highlights that although at present unimodal approaches (e.g. using a single-modal, such as
only facial or audio) are commonplace, multimodal fusion (i.e. combining visual, audio, physiological input) usually result
in stronger emotion recognition - particularly when the learners are allowed to conceal or manipulate their own affective
cues. presents the summary of the studies on affective-computing with its methods, uses, contribution and gaps.
Still, even with the development of technical AC frameworks and their gradual adjustment to general education, one can
still see a distinct lack of systematic work addressing the field of art education.

Table 1

Table 1 Related Work on Affective Computing and Emotion-Aware Learning Systems in Art and Education

Study Title Emotion Algorithm Application Area Limitations
Modalities Used
Foundations of Affective Computing Facial, Vocal Theoretical Focused on conceptual
Framework models onl
Emotion Recognition in Learning Facial CNN Classroom Limited emotional diversity
Environments Monitoring
EEG-Based Emotion Analysis for Physiological (EEG) Creative Process Small sample size
Creativit Monitoring
Adaptive Tutoring with Affective Facial, Vocal CNN + LSTM Personalized No creative context applied
Feedback Learning

Visual Emotion Recognition for Art Facial CNN-ResNet Art Class Lacked multimodal

Education Assessment integration

Multimodal Emotion Recognition in Facial, Vocal, Multimodal Fusion Digital Media Required high
Creative Learning Physiological Network Learning computational resources

Emotion-Aware Digital Pedagogy Zhao Facial, Textual Transformer-based Virtual Learning Emotion recognition limited
and Shu (2023) BERT to text and face
Affective Interaction in Virtual Studios Facial, Vocal Hybrid CNN-LSTM Virtual Real-time latency issues
Collaboration
Emotion Sensing for Creative Skill Vocal, Physiological Skill-Based Learning Focused on individual
Development learning onl
Integrating Affective Computing in Art Facial, Gesture CNN + GRU Art Curriculum Limited dataset
Curriculum Design generalization

Emotion-Aware Al Tools in Digital Art Facial, Voice Transformer Generative Art Ethical considerations not
Creation Wu et al. (2022) Systems addressed
Affective Analytics for Art Learners Facial, EEG Multimodal CNN- Digital Art Learning Lacked long-term affective
RNN tracking

3. THEORETICAL FRAMEWORK
3.1. EMOTION RECOGNITION MODELS (FACIAL, VOCAL, PHYSIOLOGICAL SIGNALS)

Affective computing is based on emotion recognition, which is significant in interpreting the affective state of the
learner in art education. Most emotion recognition models are based on three modalities, including facial expressions,
vocal tone, and physiological signals, to provide strong emotion inference. Facial emotion recognition (FER) is a facial
emotion recognition algorithm based on convolutional neural networks (CNNs) and vision transformers that examine
micro-expressions, eye-tracking, and muscle movement on the face to real-time identify emotions, including joy,
confusion, or frustration . Vocal emotion recognition uses the recurring neural networks (RNNs),
long short-term memory (LSTMs) or transformer-based models to analyze prosodic attributes such as pitch, tone, and
rhythm, detecting the minor differences related to emotional changes. Physiological models are based on bio-sensing
cues like heart rate variability (HRV), galvanic skin response (GSR) and EEG in order to gauge underlying emotional
arousal and cognitive load. In contemporary multimodal emotion recognition systems, these signals are combined to
achieve a higher contextual reliability and reduction of bias of a single-channel system . Such
models can be used to notice frustration when creative blockage occurs, excitement when a creative effort is being made,
or relaxation when one is reflecting on their artwork in an art classroom. Through the interpretation of these affective
signals, both educators and intelligent systems are able to tailor the instruction, encourage emotional regulation as well
as design compassionate learning environments where emotions and creativity are able to dynamically co-evolve.
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3.2. COGNITIVE-AFFECTIVE INTERACTION IN ARTISTIC CREATIVITY

Creation of art is an inherent process that entails a lively interaction of the way people process information and the
process of being emotional. Cognitive-affective theories assume that emotions are drivers that will affect attention,
memory, and divergent thinking, which are major elements of creativity. This interaction in art education takes the form
of emotional engagement that informs the aesthetic judgment and conceptual depth Lin and Li (2023). Positive affect,
e.g., curiosity or joy, improves exploratory thought, and receptiveness to new ideas, whereas regulated negative affect,
e.g., frustration, melancholy, etc., can stimulate expressive richness and sense making. Neuroscientific studies reveal that
the brain regions, i.e. prefrontal and limbic regions are both active when one engages in creative activities, and it is
possible that the brain is integrating cognition and emotion at the neural stage. The dual-process model of creativity
locates as a source and a product of creative cognition feelings give rise to ideas and the creative process, in its turn,
shapes the way people feel. Affective computing offers us new instruments to examine this reciprocity in terms of
multimodal emotional tracking in the course of art-making.

3.3. PEDAGOGICAL MODELS INTEGRATING AFFECTIVE RESPONSES

The application of affective response in pedagogy will turn traditional art education into an emotionally intelligent
system. Affective-pedagogical models focus on the adaptive learning in which the instructional strategies are modified
according to the real-time affective condition of the students. The Affective Loop Model and Emotion-Adaptive Tutoring
Systems (EATS) frameworks make this two-way interaction possible: the system perceives the emotions, understands
them in the context of the learning and modifies the teaching instructions. Pedagogical models that incorporate the
affective response of the learners in art education are presented in Figure 1. In the case of art education, this could be
changing creative prompts, or changing feedback tone, or using motivational content that fits in line with the affective
profile of the learner.

Figure 1
Pedagogical Models
Integrating Affective
Responses
h W h 4
Affective Emotion- Social-
Loop Adaptive Emotional
Model Tutoring Learning
Systems
h 4 W h 4
Emotion Pedagogical Emotional
Detection Adaptation Skill
Development

Figure 1 Pedagogical Models Integrating Affective Responses in Art Education

As an example, a student who displays signs of anxiety in composition can be told positive words or given simplified
work to restore some confidence, whereas one who is excited will be given a challenging creative problem. Pedagogical
models that incorporate affective data also ensure inclusivity because they consider different emotional manifestations
in different cultures and personality types.
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4. METHODOLOGY
4.1. DATA COLLECTION FROM ART CLASSROOMS (EMOTION, PERFORMANCE, INTERACTION
LOGS)

In art education, the process of collecting data important to affective computing incorporates multimodal inputs in
the process of classroom observation to ensure that student behaviors in the classroom are recorded in terms of their
emotions and creativity. Emotional information is captured in the form of facial tracking, voice analysis and physiological
devices like heart rate and skin conductance. Cameras and microphones set in art studios record real time responses
when learners are involved in digital painting, sculpting or multimedia composition assignments. At the same time, such
aspects of performance as the time spent on completing a specific task, the frequency of using a certain tool, the
variability of brushstrokes, the choice of colors are recorded on online art websites. It also gathers data of interaction,
which includes collaborative dialogues, teacher-students, and peer patterns of feedback as ways of evaluating emotional
and social engagement. In order to guarantee the quality and privacy of data, there is strict adherence to ethical
consenting procedures and anonymization operations. The resulting data will be comprised of emotional, behavioral,
and contextual aspects, which will give a comprehensive picture of the learning experiences. This abundant multimodal
corpus is the basis of training and testifying affect recognition models and adaptive teaching systems, so that emotional
evidence can be decoded in an appropriate way in the artistic and pedagogical environment.

4.2. EMOTION RECOGNITION AND AFFECT CLASSIFICATION TECHNIQUES

In this model, emotion recognition uses multimodal deep learning architectures which use facial, vocal, and
physiological cues. Convolutional Neural Networks (CNNs) operations on the facial images identify expressions based
emotions, whereas Recurrent Neural Networks (RNNs) or Long Short-Term Memory (LSTM) operations on the sequence
features of audio (pitch, tone, and rhythm) recognise affective details of voice. A signal-processing pipeline is applied to
physiological data, being collected through an EEG or HRV sensor, and machine learning classifiers, such as Support
Vector Machines (SVM) or Random Forests are used to classify such data in terms of arousal and valence. In order to be
more robust, feature-level fusion integrates multimodal embeddings into a common latent space and attention
mechanisms are used to give more emphasis on the most informative signals. The classification is performed on both
discrete scale (happiness, frustration, boredom, engagement) and on continuous emotional scales. Cross-validation and
real-life classroom trials are applied to model validation, so that the algorithms are effective in generalizing to different
classes of students and emotion.

4.3. EVALUATION METRICS FOR AFFECT-RESPONSIVE LEARNING SYSTEMS

Affect-responsive learning systems are assessed by a set of quantitative measures of accuracy and pedagogical
impacts metrics. To measure emotion recognition parts, they use measures like Accuracy, Precision, Recall, F1-score and
Area Under the ROC Curve (AUC) to determine reliability of classification. Mean Absolute Error (MAE) and Correlation
Coefficients of predicted and observed affective states are used to measure continuous affect estimations. In addition to
computational validation, the educational effectiveness is measured in terms of such parameters as Engagement Index,
Creative Output Quality, Learning Retention Rate, and Affective Alignment Score that measure the degree to which
emotional responses are congruent with pedagogical objectives. Teacher and student qualitative feedbacks give further
information on usability, perceived empathy and emotional resonance. The longitudinal analyses compare creative
functioning and emotion regulation in several occasions, and the outcomes show the role of affect-aware systems in
promoting artistic development. These evaluation frameworks taken together guarantee that not only are affective
computing systems technically correct but they are also pedagogically significant which is to support the emotional well-
being, motivation and creativeness in the dynamic environment of contemporary art education.

ShodhKosh: Journal of Visual and Performing Arts 175


https://www.granthaalayahpublication.org/Arts-Journal/index.php/ShodhKosh

Affective Computing in Modern Art Education

5. SYSTEM DESIGN FOR AFFECTIVE ART EDUCATION
5.1. ARCHITECTURE OF AN AFFECT-AWARE DIGITAL ART LEARNING PLATFORM

The proposed affect-aware digital art learning platform is developed as a multilayered system that will be a modular
system integrating emotion recognition, pedagogical adaptation, and creative support. The architecture is made of three
major layers; the sensing layer, the affective analytics layer and the adaptive learning interface. Multimodal responses
about emotions are captured by the sensing layer cameras, microphones, wearable sensors to detect facial, vocal and
physiological signals. Figure 2 demonstrates architecture that will facilitate an affect-responsive learning of digital art
by means of adaptive emotional feedback.

Figure 2

SENSING LAYER

Multimodal emcisicol cues

* Cameras and microphones
e Wearable sensors
» Facial, vocal, physiological signals

AFFECTIVE ANALYTICS LAYER

+ Deep learning models (CNNs, LSTMs)
* Emotional state classification
» Valence, arousal, engagement evel

ADAPTIVE LEARNING INTERFACE

* Personalized instructional actions
* Creative tasks and feedback pacing
* Teacher dashboards

Figure 2 Architecture of an Affect-Aware Digital Art Learning Platform

The analytics layer will divide these signals into emotional metrics such as valence, arousal and level of engagement.
These emotional states are then converted by the adaptive learning interface to individual instructional responses,
including adjustment in visual difficulty, pace or complexity of art activities. Cloud-based data management guarantees
scalability and emotion modeling in the long term of every learner. Teachers also have dashboards that help them track
emotional tendencies, as well as, creative developments on the platform. This architecture combines affective computing
and interactive art pedagogy because, in this architecture, instruction becomes real-time based on empathy, which
promotes creativity, motivation, and self-awareness in a digital art classroom.

5.2. EMOTION-ADAPTIVE FEEDBACK AND PERSONALIZED INSTRUCTION

The key pedagogical intelligence of the system is its emotion-adaptive feedback mechanisms that allow it to provide
context-sensitive advice relying on the identified emotional signals. On the other hand, as the learner exhibits enthusiasm
or confidence, the system dynamically raises the complexity of tasks or offers complex creative instruments as a way of
maintaining the motivation. The reinforcement learning engine is an adaptive loop, which uses a continuous stream of
feedback strategies to optimize the feedback strategy according to previous affective responses and learning feedbacks.
The feedback occurs in many ways, either in a text form, audio feedback, visual overlays or animated avatars to ensure
multimodal interaction. Moreover, the system captures emotional tracks to customize the lifelong learning experiences,
favorite art mediums, artistic rhythm, and emotional stimuli that make the experience optimal.
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6. APPLICATIONS IN MODERN ART EDUCATION
6.1. EMOTION-AUGMENTED DIGITAL ART ASSIGNMENTS

Emotion-enhanced digital art projects are based on the concept of affective computing that entails an inscription of
emotional cognizance in the creative learning process. In these tasks, learners will work with digital art programs, and
their emotional levels will be constantly controlled by using multimodal sensing. The system itself is dynamic, and it
reads through emotional patterns, including excitement, frustration, or curiosity and alters the artistic environment. As
an example, the system may propose inspirational sources, color schemes, or mood boards generated by Al when a
learner has creative stagnation to get the imagination going again. On the same note, when the creation is emotionally
charged, it can suggest pauses in the mindfulness or reflections to create emotional balance. It can also be organized as
an emotional exploration task - learners might be requested to represent visually the idea of melancholy or serenity and
the system would give them an emotional response on how they are doing. This union of the sense of emotion and
instruction in art makes artistic reflection more profound through the connection of the emotion with the aesthetic
decision-making.

6.2. SUPPORT FOR DIVERSE LEARNER EMOTIONAL PROFILES

Affective computing systems are critical in nurturing various emotional profiles among learners of art. Each of the
students engages with creativity in a different way, as they have affected inclinations, some students are excited and
others introspective or calm-focused. The emotional archetypes in the proposed framework are determined by tracking
emotions and modeling behavior over a long period. Through the emotional trends, engagement time and reaction to the
feedback, the platform develops an affective learner profile that guides adaptive instruction. An example is that gradual
pacing of the task and positive reinforcement can be used with the students with anxiety-prone patterns, whereas the
highly motivated students can be given a more challenging task involving creative work. Emotional personalization of
this type guarantees the equity and inclusiveness of art education that supports neurodiverse and culturally diverse
emotionality.

6.3. ENHANCING COLLABORATIVE AND STUDIO-BASED LEARNING

In group work within an art studio, the social and emotional aspects of group work can be improved with affective
computing. The system identifies patterns of group emotion like enthusiasm, tension or disengagement and allows
instructors to intervene by detecting group moods. Emotion analytics can be used to create a level playing field: getting
the weaker students to talk when it gets silent and silent the other way round to keep the conversation flowing. The
trend of the group affect is displayed in dashboards that are shared and encourage reflection and discussion of the
feelings experienced in collaboration. Geographically separated learners may also co-create in emotionally synchronized
spaces in emotion-aware virtual studios, which are augmented with digital art platforms. In combination with natural
language processing (NLP), chat based collaboration tools are able to recognize affective tones of supportive, critical, or
stressed and offer advice on how to express empathy more.

7. RESULTS AND DISCUSSION

The affective digital art education model proved to have significant effects in terms of engagement and creative
output of the learners. The multimodal input emotion recognition attained a consistent accuracy of 93.4% which is
certain of dependable affect interpretation. The creativity output of the students involved in emotion-augmented
assignments improved by 21% and the duration of engagement increased by 17 percent over a regular environment.
Educators have complained that they have become more emphatic, personalized in instruction and reflected learning.
All in all, the incorporation of affective computing led to the rise of art whose production was informed by emotion,
better student-teacher communication, and enhanced cognitive and emotional congruence - turning art schoolrooms
into adaptive and expressive, psychologically supportive learning environments.
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Table 2
Table 2 Quantitative Evaluation of Emotion Recognition and System Performance
Evaluation Facial Recognition Vocal Recognition (LSTM)  Physiological (EEG/HRYV) Multimodal Fusion (Hybrid)
Metric CNN

Accuracy (% 91.8 88.6 85.4 93.4

Precision (% 90.5 86.9 83.7 92.8
Recall (% 89.8 87.5 84.2 93.1
F1-Score (% 90.1 87.2 83.9 93

Table 2 shows quantitative analysis of the elements of emotion recognition that constitute the heart of the affect-
aware art education model. According to the findings, multimodal fusion (hybrid) models were the most accurate with a
total accuracy rate of 93.4 percent compared to unimodal systems and facially, vocally, and physiologically based
systems. The performance measures presented in Figure 3 are used to test the accuracy of the CNN-based facial

recognition system.

Figure 3
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Figure 3 Performance Metrics of CNN-Based Facial Recognition System

The combination of complementary affective cues visual micro-expressions, prosodic features and bio-signals make
the fusion approach effective in understanding the context and reliably affecting emotions. Figure 4 is stacked
comparison of the differences in performance in various emotion-recognition modality. The facial recognition (CNN)
model achieved a high performance of 91.8 percent accuracy and low latency (42 ms/frame), and it is suitable in the
deployment in real-time in classrooms.
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Figure 4
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Figure 4 Stacked Performance Comparison Across Emotion Recognition Modalities

Vocal recognition (LSTM) had a high recall (87.5) on whether an individual was engaged and frustrated, but was a
bit sensitive to noise. Greater emotional granularity at the expense of accuracy (85.4%) were provided by physiological
models (EEG/HRV) because of sensors variability and signal artifacts. The patterns of F1-score are the same as those of
the accuracy, which supports balanced classification between the categories of emotions. Most notably, the hybrid
system still had a reasonable latency (49 ms/frame), which guaranteed the seamless interaction of learners with the
platform in real-time. These results confirm that multimodal emotion sensing is reliable as the basis of adaptive feedback
and individual creative learning making it possible to create empathetic digital art environments which would
dynamically react to affective and cognitive states of students.

8. CONCLUSION

Affective computing in education of modern art is a paradigm shift of the intersection of creativity, emotion and
learning. Through emotion detection, intelligent feedback, and emotional personalization, the idea of art education turns
into an enhanced skill-based experience, into a more human-centric and tech-smart one. The findings confirm that
emotionally sensitive systems do not only improve the engagement and creative performance, but also foster emotional
intelligence and self-awareness-the qualities that are necessary in a holistic artistic growth. Based on multimodal
analysis of emotions, i.e., facial, vocal, and physiological, the platform is able to respond to the emotions of learners in
real time, and offer empathetic advice to match artistic exploration with emotional well-being. Emotional responsiveness
can help teachers to have a more insightful view of the psychological topography of their classrooms and provide more
specific interventions that avoid disrupting the affective rhythm of individual learners. In addition, the integration of
emotion-enhanced tasks makes the process of art-making an introspective experience, enabling students to be more
consciously able to visualize emotion. The flexibility of the system to various emotional profiles makes it more inclusive
and psychologically safe, and the process of art education is more just and compassionate. Affective computing, in the
wider scope, transforms the learning of digital art to be a combination of creativity, cognition, and compassion. It shows
that technology when built with the ability to understand and feel can enhance the human expression instead of
mechanicalizing it. Finally, affective computing will provide the artists and educators of the future with the means to
grasp, communicate, and control emotions- between art, science, and compassion a more emphatic and responsive
educational future.
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