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ABSTRACT

Emotions play a fundamental role in shaping learners’ attention, motivation, and academic
performance, making emotion-aware technologies vital for adaptive digital education. Recent
advancements in affective computing and deep learning have enabled real-time recognition of
student emotions using multimodal inputs such as facial expressions, speech, and text. This survey
reviews state-of-the-art approaches, with particular emphasis on hybrid deep learning frameworks
that integrate convolutional neural networks (CNNs) for spatial representation, recurrent neural
networks (RNNs) for temporal dynamics, and transformer-based architectures with attention-driven
multimodal fusion. The integration of these models has significantly improved the accuracy and
robustness of emotion recognition in educational contexts. Furthermore, the paper discusses
progress in embedding emotion recognition within adaptive feedback systems, thereby facilitating
personalized and responsive learning experiences. Despite these advances, several challenges
remain, including latency, scalability, limited dataset diversity, and privacy concerns, which hinder
large-scale deployment in real-world classrooms. Future research directions include the
development of lightweight neural architectures, explainable Al techniques, and privacy-preserving
methods to ensure ethical and reliable adoption. This work provides a comprehensive foundation for
the advancement of real-time, emotion-aware adaptive learning systems in education.

Key words— Affective computing, deep learning, multimodal emotion recognition, adaptive
learning, CNN, LSTM, transformer, attention fusion.

I. INTRODUCTION

The digital transformation of education has fundamentally reshaped traditional teaching and
learning paradigms, giving rise to more personalized, interactive, and adaptive learning
environments. With the increasing prevalence of online and hybrid classroom models, the ability to
monitor and respond to students’ emotional and cognitive states has become a critical component of
modern pedagogy. Unlike conventional classrooms, where instructors can directly observe learners’
nonverbal cues, digital environments often lack natural feedback mechanisms, creating challenges
in sustaining attention, engagement, and motivation. Consequently, the integration of emotion-
aware technologies has emerged as an essential enabler for enhancing learning effectiveness and
fostering student-centered educational ecosystems. Emotions play a pivotal role in learning by
influencing attention span, memory retention, problem-solving skills, and overall motivation.
Positive emotions such as curiosity and enjoyment are strongly correlated with persistence and
deeper learning, whereas negative emotions such as stress, frustration, or boredom can hinder
academic performance and reduce long-term knowledge retention. This dynamic relationship
underscores the importance of affect-aware systems that can continuously detect, interpret, and
respond to emotional signals during the learning process.

Recent advances in artificial intelligence (Al), particularly in affective computing and deep learning,
have created new opportunities to address these challenges. Deep learning architectures, including
convolutional neural networks (CNNs), recurrent neural networks (RNNs), long short-term memory
(LSTM) networks, and transformer-based models, have demonstrated high accuracy in analyzing
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multimodal data streams. Inputs such as facial expressions, vocal prosody, and textual interactions
can now be processed in real time, enabling automated inference of learners’ affective states with
superior performance compared to traditional rule-based approaches. These multimodal insights can
be integrated into adaptive learning systems to personalize instruction, dynamically adjust content
delivery, and provide timely interventions to sustain engagement. Hybrid deep learning frameworks,
which combine multiple neural architectures with attention-driven multimodal fusion, are
particularly promising for classroom applications. By leveraging complementary information across
modalities, these frameworks enhance robustness, scalability, and deployment feasibility in real-
world educational contexts. Furthermore, the increasing availability of large-scale affective datasets,
together with advances in transfer learning and selfsupervised learning, has accelerated progress in
developing systems capable of functioning effectively in noisy and heterogeneous environments.
This paper provides a comprehensive review of state-of-the-art hybrid deep learning frameworks for
emotion-aware adaptive learning. Specifically, it examines methodologies for multimodal emotion
recognition, explores the role of deep neural architectures in affective modeling, and discusses how
recognized emotions can be mapped to adaptive pedagogical strategies. In addition, the paper
analyzes current challenges, including latency, generalization, privacy, and ethical concerns, while
highlighting emerging directions such as explainable Al (XAI), fairness-aware models, and
federated privacy-preserving frameworks. By synthesizing current progress and identifying open
research gaps, this work aims to serve as a reference for researchers and practitioners working at the
intersection of artificial intelligence, affective computing, and educational technology. Ultimately,
the goal is to advance the design of scalable, interpretable, and ethically responsible emotion-aware
systems capable of transforming digital classrooms into adaptive and emotionally intelligent
learning spaces.
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II. THEORETICAL BACKGROUND

A. Theoretical foundations of emotion in education

The role of emotions in academic learning has been a central theme in educational psychology for
several decades, with substantial evidence demonstrating their impact on both cognitive processes
and learning outcomes. Among the most influential frameworks, Pekrun’s Control-Value Theory of
Achievement Emotions (CVT) [1], [2] provides a systematic model for understanding how
emotions shape academic performance. The CVT categorizes emotions along two key dimensions:
valence (positive vs. negative) and activation level (activating vs. deactivating). Positive activating
emotions such as enjoyment, curiosity, and pride are associated with increased motivation, deeper
engagement, and higher persistence in learning tasks. Conversely, negative deactivating emotions
such as boredom, hopelessness, or disengagement undermine cognitive resources, reduce
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concentration, and ultimately impair achievement. Meanwhile, negative activating emotions such as
anxiety or frustration may have a dual role: while they often hinder performance when excessive,
they can sometimes motivate learners to exert additional effort if managed constructively. This
nuanced classification not only explains differential learning behaviors but also highlights how
emotions dynamically regulate attention, memory encoding, and problem-solving in real time.
Building upon this theoretical foundation, D’Mello and Graesser [3], [4] examined the cognitive—
affective interplay within educational contexts. Their work introduced the concept of productive
confusion, wherein learners experience temporary dissonance when confronted with complex or
ambiguous content. While confusion is often regarded as a negative state, they argued that, if
appropriately resolved through timely instructional feedback, it can stimulate deeper cognitive
processing and promote long-term conceptual understanding. For instance, confusion arising from
contradictory information may encourage students to question assumptions, seek clarifications, and
engage more actively with the material. This insight reframes certain negative emotions as
potentially beneficial, provided they are effectively supported within the learning process.
Collectively, these contributions underscore the importance of real-time emotional monitoring in
technology-enhanced and digital learning environments.

Unlike traditional classrooms where instructors can observe students’ affective cues directly, online
and hybrid settings require computational mechanisms to detect and interpret emotions through
data-driven methods. By recognizing affective fluctuations as they occur, adaptive learning systems
can provide immediate feedback, adjust content difficulty, or deliver motivational scaffolds. Thus,
the integration of psychological theories such as CVT with cognitive— affective models like
productive confusion establishes a strong conceptual basis for the development of emotion-aware
educational technologies.

B. Affective computing and sentiment analysis

The concept of Affective Computing was first articulated by Picard, who defined it as the study and
development of systems and devices capable of recognizing, interpreting, and responding to human
emotions. Her seminal work [5] introduced the vision of emotionally intelligent machines that could
bridge the gap between human affect and computational intelligence. This paradigm laid the
foundation for integrating emotional awareness into learning environments, enabling digital systems
to not only process cognitive inputs but also adapt instruction based on learners’ affective states.
Such a perspective shifted the focus of educational technologies from purely cognitive efficiency
toward a holistic learner-centered approach, where emotions are treated as integral to knowledge
acquisition, motivation, and engagement.

Building on this foundation, Liu advanced the field by expanding sentiment analysis beyond textual
polarity detection (positive, negative, neutral) into a multimodal domain. His work demonstrated
that emotion recognition could be significantly improved by incorporating non-verbal cues such as
facial expressions, speech prosody, and physiological signals alongside textual input [6]. This
multimodal framework was particularly relevant for classroom environments, where learners’
emotions are often expressed simultaneously through language, tone, and facial dynamics. By
adopting multimodal sentiment analysis, educational platforms could achieve more accurate and
context-aware emotion detection, thereby enhancing adaptive learning interventions.
Complementing these developments, Oviatt emphasized the importance of multimodal human—
computer interaction, showing that the integration of speech, gestures, and facial cues substantially
improved engagement, cognitive load management, and learning outcomes [7]. In particular, her
studies indicated that learners interacting with multimodal systems displayed higher levels of
persistence and reduced frustration compared to unimodal systems. This evidence strongly supports
the argument that multimodal affect recognition is essential for designing intelligent tutoring
systems (ITS) capable of sustaining student engagement in real-time, especially in digital and
hybrid classroom contexts.

Taken together, these contributions highlight the progression from early affective computing
theories to multimodal sentiment analysis frameworks, marking a pivotal transition in educational
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technology. By enabling machines to perceive, interpret, and respond to emotions across multiple
modalities, modern emotion-aware systems can more effectively support adaptive instruction and
promote positive learning experiences.

C. Facial expression recognition using CNNS

The integration of deep learning techniques has significantly advanced Facial Expression
Recognition (FER), an essential modality for emotion-aware educational technologies. Earlier
handcrafted approaches, including Local Binary Patterns (LBP) and Histogram of Oriented
Gradients (HOG), were limited in robustness when applied under real-world conditions such as
variable lighting, pose changes, or occlusions. With the emergence of CNN-based methods,
researchers demonstrated more effective and scalable solutions for capturing emotional states in
dynamic learning environments.

Mollahosseini et al. introduced CNN architectures trained on large-scale databases such as
AffectNet and FER2013, achieving superior performance compared to traditional feature-
engineering techniques [8], [9]. Their work highlighted the resilience of CNN models in
recognizing facial expressions across diverse demographic and environmental contexts, making
them particularly relevant for use in classrooms where conditions are less controlled. These findings
were further supported by Goodfellow et al., who emphasized the challenges of representation
learning and the advantages of deep neural networks in handling high-dimensional affective
datasets [10].

In a related study, Barsoum et al. improved upon CNN-based FER by integrating probabilistic
graphical models with deep learning networks to better manage the ambiguity and overlap present
in human expressions [11]. This refinement enhanced classification accuracy, particularly for subtle
or mixed emotions that are common in learning contexts.

The practical application of FER in education was demonstrated by Whitehill et al., who analyzed
facial expressions to monitor student engagement in online platforms [12]. Their study confirmed
strong correlations between facial cues and learner attention levels, supporting FER as a valuable
non-intrusive mechanism for real-time adaptive feedback in digital classrooms.

Despite these advances, challenges remain. Martinez et al. noted persistent obstacles such as partial
occlusions (e.g., glasses, masks, or hand movements), the detection of micro-expressions lasting
only milliseconds, and the computational demands of FER on standard classroom hardware [13].
These limitations underline the importance of multimodal integration, where FER is complemented
by speech, text, or physiological data to increase robustness and reliability in classroom applications.
D. Speech and text-based emotion recognition

Speech has long been recognized as a valuable modality for emotion recognition, as vocal tone,
pitch, and prosody provide strong indicators of affective state. Traditional approaches relied on
handcrafted acoustic features such as MFCCs and prosodic patterns, but recent advances in deep
learning have enabled more effective modelling of raw audio data. Trigeorgis et al. proposed an
end-to-end architecture based on Long Short-Term Memory (LSTM) networks that directly
processes raw speech signals, bypassing manual feature engineering and achieving strong
classification performance for emotions such as anger, sadness, and happiness [14]. While these
models demonstrated significant improvements, Neumann and Vu highlighted limitations in their
real-time applicability, noting that inference latency and high computational cost reduced their
suitability for dynamic classroom environments [15].

The emergence of transformer-based models has offered promising alternatives for emotion
recognition from both text and speech. Devlin et al. introduced BERT, a bidirectional transformer
that revolutionized natural language understanding by enabling contextual embedding, thereby
improving sentiment classification and emotional inference from student textual input [16].
Extending this approach to the speech domain, Baevski et al. developed Wav2Vec 2.0, a self-
supervised framework that processes raw audio and demonstrated resilience to noise, which is
particularly important for classroom environments where acoustic interference is common [17].
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Despite these advancements, challenges remain in deploying such models in real educational
systems. Latif et al. surveyed recent methods and emphasized that transformer-based approaches,
while accurate, often demand substantial computational resources and require large labelled datasets
for training [18]. These constraints limit scalability in real-time classroom applications, especially
in low-resource or bandwidth-constrained settings. Consequently, research continues to explore
lightweight models and transfer learning techniques to balance accuracy with feasibility for
widespread adoption in education.

E. Multimodal fusion for emotion recognition

Unimodal systems, which rely on a single input such as facial expressions or speech, often suffer
from limitations including sensitivity to noise, occlusion, and context variability. To address these
challenges, researchers have increasingly turned to multimodal fusion, which combines multiple
modalities to enhance robustness and accuracy. Atrey et al. categorized fusion strategies into early
fusion (feature-level), where raw features are concatenated before classification, late fusion
(decision-level), where independent models’ outputs are combined, and hybrid fusion, which
integrates both feature and decisionlevel information [19], [20]. Each of these strategies presents
distinct trade-offs: while early fusion captures inter-feature correlations, it is sensitive to
synchronization issues; late fusion provides flexibility but may overlook cross-modal dependencies;
hybrid fusion balances both strengths at the cost of added complexity.

Recent studies have focused on the integration of attention mechanisms within fusion frameworks
to dynamically assign weights to modalities based on contextual relevance. Hazarika et al. proposed
conversational memory networks with attention-based fusion, demonstrating that the selective
prioritization of modalities substantially improves emotion recognition in dialogue-based tasks [21].
Building on this idea, Zadeh et al. introduced the Tensor Fusion Network (TFN), which models
interactions across modalities at a fine-grained level, enabling richer cross-modal representations
and outperforming conventional fusion methods in benchmark datasets [22].

The benefits of multimodal fusion are also evident in educational applications. Wollny et al.
examined affect recognition in online classrooms and found that multimodal fusion improved
engagement classification accuracy by 15-20% compared to unimodal baselines, confirming its
value in real-time digital learning environments [23]. However, challenges remain in practical
deployments. Busso et al. emphasized that multimodal systems are still vulnerable to noise,
occlusion, and latency issues in classroom settings, where technical constraints and environmental
variability complicate reliable performance [24]. These findings suggest that while multimodal
fusion represents a promising avenue for emotion-aware adaptive education, future work must
address the computational and environmental challenges to achieve scalable real-world adoption.

F. Emotion-aware adaptive learning systems

Beyond emotion recognition, recent research has increasingly focused on closing the loop by
translating detected affective states into adaptive pedagogical strategies. The goal of such systems is
not only to identify emotions but also to dynamically respond in ways that improve engagement,
motivation, and overall learning outcomes.

Chen et al. introduced emotion dashboards that provided educators with a macro-level overview of
classroom affective states, enabling teachers to make informed decisions about instructional
strategies [25]. While this approach enhanced situational awareness, it lacked automated
intervention mechanisms, meaning that the responsibility for adapting teaching strategies still rested
primarily with the instructor.

To enable more automated responses, Aldukhayel et al. proposed a CNN-LSTM framework
capable of real-time adaptation of learning content based on student engagement signals [26]. Their
model successfully adjusted content difficulty levels in response to fluctuating attention spans, but
the scalability of this approach was constrained by processing latency and computational demands,
limiting its deployment in large classroom settings.
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More advanced adaptive systems have demonstrated the direct benefits of emotion-driven feedback
loops. Li and Chen developed a framework that continuously tailored instructional content based on
students’ affective states, leading to measurable improvements in academic performance and learner
satisfaction [27]. Such systems highlight the potential of adaptive learning environments that go
beyond static personalization to embrace real-time emotional responsiveness.

Most recently, Fernandez et al. integrated reinforcement learning into adaptive systems, enabling
autonomous refinement of teaching strategies as student emotions evolve during the learning
process [28]. This represents a significant step toward closed-loop affective tutoring systems, where
pedagogical interventions are not only data-driven but also continuously optimized through
interaction, thereby reducing reliance on human oversight.

Collectively, these studies illustrate a progression from affect-aware visualization tools to real-time
adaptive models and ultimately toward autonomous emotion-responsive systems. While promising,
these approaches face challenges related to scalability, latency, and interpretability, underscoring
the need for further research to ensure their effective integration into real-world educational
environments.

G. Recent advancements (2021-2024)

Recent advancements in multimodal systems have significantly enhanced their sophistication and
robustness, contributing to improved performance across various domains. Tsai et al. [29] proposed
a novel approach using multimodal transformers with cross-attention mechanisms, enabling the
efficient integration of diverse input modalities and fostering more effective interactions between
them. Building on this, Xu et al. [30] demonstrated the power of combining vision and audio
transformers, showing how their integration improved resilience to noise and inconsistencies in
multimodal data. In the domain of engagement prediction, Zhang et al. [31] achieved a 12%
improvement by employing hybrid CNN-LSTM models, which effectively captured both spatial
features and temporal dependencies from multimodal signals, showcasing the value of deep
learning techniques in dynamic contexts. Kumar et al. [32] extended the scope of emotional input
by incorporating micro-expressions, vocal tones, and typing behaviors, thus adding richer emotional
dimensions to virtual learning environments and enabling more nuanced analyses of user behavior.
To address challenges in low-resource settings, Jiang et al. [33] leveraged contrastive learning to
ensure robust performance even with limited labeled data, demonstrating the adaptability of these
models in real-world applications.

Moreover, Smith et al. [34] emphasized the critical role of explainable Al (XAI) in fostering trust
and transparency in Al systems, particularly in sensitive contexts like education. Their work
highlighted the importance of making emotion-based inferences interpretable and transparent to
ensure greater educator confidence in Al-driven assessments.

H. Technical challenges and ethical considerations

Despite significant progress in multimodal Al systems, several challenges persist for their real-
world deployment, particularly in dynamic environments like classrooms. One key challenge is
meeting real-time performance requirements while maintaining the accuracy and efficiency of
complex models. Lightweight architectures, such as MobileNet [35], offer a practical solution to
this issue by significantly reducing computational overhead while maintaining competitive
performance. Additionally, model compression techniques like pruning [36]—which involves
systematically removing less important weights in neural networks—play a crucial role in reducing
the model size and improving inference speed without compromising accuracy. These methods are
essential for deploying Al models in resource-constrained environments, like classrooms, where
low-latency processing is vital for interactive applications.

Another critical issue in real-world deployment is ensuring robust performance across diverse
populations. In educational settings, where students vary in terms of cultural backgrounds, learning
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styles, and emotional expressions, data augmentation and normalization techniques are necessary.
Data augmentation refers to artificially expanding the training dataset by applying various
transformations to the original data (e.g., rotation, scaling, or noise injection), which helps the
model generalize better to unseen data. Normalization techniques ensure that the input features are
scaled appropriately, thus improving the stability and training efficiency of the models. Both of
these strategies are vital for creating models that perform reliably across a broad spectrum of user
groups, helping to mitigate biases that could otherwise impair the system's fairness and accuracy.

From an ethical standpoint, privacy and fairness are two of the most pressing concerns in the
deployment of Al systems in education. Student privacy is particularly crucial when dealing with
sensitive data such as behavioral patterns, emotional states, and learning progress. In response to
these concerns, federated learning [37] has emerged as an innovative solution. Federated learning
enables the training of machine learning models across decentralized devices (such as students'
personal devices) without the need to transfer sensitive data to a central server. This decentralized
approach ensures that private data remains on the user's device, addressing concerns about data
security and privacy violations while still allowing the model to learn from a diverse dataset.
Additionally, fairness in Al systems is another significant concern, especially in educational
contexts where biased algorithms could have detrimental effects on student outcomes. Fairness-
aware algorithms and systematic bias audits [38] are essential for identifying and mitigating any
biases that might arise in the model's predictions. Fairness-aware algorithms aim to ensure that the
system treats all individuals equitably, regardless of their demographic or background. Bias audits
systematically evaluate the model’s decisions to detect and correct any discriminatory patterns that
may inadvertently affect certain student groups. Implementing these safeguards is crucial for
ensuring that Al-based systems in education promote equality, non-discrimination, and inclusive
learning experiences for all students.

In summary, while substantial progress has been made in the development of multimodal Al
systems, real-world deployment requires overcoming challenges related to real-time performance,
data diversity, privacy, and fairness. The use of lightweight architectures, data augmentation,
federated learning, and fairness-aware algorithms is pivotal in addressing these challenges, ensuring
that Al systems are both effective and ethically sound in educational contexts.

III. AFFECTIVE COMPUTING AND SENTIMENT ANALYSIS

A. Early developments in emotion-aware systems

The emergence of affective computing marked a paradigm shift in human—computer interaction,
where the emphasis moved beyond logical reasoning to the inclusion of emotional intelligence.
Picard’s seminal contributions defined affective computing as the study and development of
systems capable of recognizing, interpreting, and adapting to human emotions [39]. Early
prototypes relied on unimodal channels—primarily facial expressions, speech tone, or textual
sentiment—to infer emotional states. Although these systems were limited in scope, they
demonstrated the feasibility of building interfaces that could adjust behavior in real time, such as
tutoring systems that responded to learner frustration or adaptive assistants capable of altering
communication style based on user mood [40]. These pioneering efforts not only validated the
scientific foundation of emotion-aware computing but also laid the groundwork for the multimodal,
data-driven approaches that dominate current research.

B. From text-based sentiment analysis to multimodal emotion recognition

The field of sentiment analysis initially advanced through text-based approaches, where lexicon-
based techniques and statistical models were employed to classify opinions as positive, negative, or
neutral [40]. With the introduction of machine learning, supervised classifiers such as Support
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Vector Machines (SVMs) and Naive Bayes improved text sentiment categorization, while later
advancements in deep learning (e.g., recurrent neural networks and attention mechanisms) enabled
the detection of nuanced emotional expressions in large-scale datasets [41]. However, reliance on
textual input alone limited contextual understanding, since emotion is inherently multimodal,
expressed simultaneously through speech, facial expressions, gestures, and physiological signals.
To overcome these limitations, researchers began exploring multimodal emotion recognition,
combining complementary information streams such as audio, vision, and biometrics [42].
Multimodal fusion techniques, including early feature-level concatenation and more advanced late-
fusion strategies, were shown to significantly improve recognition accuracy compared with
unimodal methods. More recently, hybrid deep learning architectures integrating Convolutional
Neural Networks (CNNs), Long Short-Term Memory (LSTM) models, and Transformer encoders
have achieved state-of-the-art performance in capturing both spatial and temporal affective patterns
[43]. For instance, a multi-party conversational system leveraging RoBERTa for text, Wav2Vec2
for speech, and CNN-Transformer pipelines for video achieved over 66% accuracy in emotion
recognition and 72% in sentiment analysis [44]. These results underscore the importance of
multimodality in achieving robustness, scalability, and contextual precision.

C. Multimodal interactions in digital classrooms

The educational domain has emerged as one of the most impactful applications of affective
computing, particularly in the context of digital classrooms. Emotion-aware systems in e-learning
environments monitor multimodal signals such as gaze behavior, voice modulation, and
physiological responses to estimate learners’ cognitive and affective states [45]. By integrating
these insights, adaptive learning platforms can dynamically adjust instructional strategies, difficulty
levels, and feedback mechanisms. This enhances student engagement, improves motivation, and
fosters more personalized learning experiences. For example, emotion dashboards provide
educators with aggregated insights into classroom affective trends, enabling timely interventions to
address frustration, boredom, or disengagement [46]. Similarly, real-time adaptive systems that rely
on CNN-LSTM architectures have been developed to adjust instructional material based on
detected stress or confusion, although latency and scalability remain technical challenges [47].
Despite these advances, multimodal classroom integration also raises concerns regarding cultural
variability in emotional expression, ethical data usage, and the protection of student privacy [48].
Nonetheless, systematic reviews confirm that Al-driven emotion recognition has the potential to
play a transformative role in education by enabling proactive interventions and fostering more
inclusive, emotionally responsive learning environments [49].

IV. DATA MODALITIES FOR EMOTION RECOGNITION

A. Facial expression analysis (CNN-BASED FER)

Facial expressions are one of the most intuitive and universally recognized indicators of human
emotions, making Facial Expression Recognition (FER) a central component of affective computing.
Early FER approaches relied heavily on handcrafted descriptors such as Local Binary Patterns
(LBP), Histogram of Oriented Gradients (HOG), and Gabor filters to capture facial muscle
deformations. While these methods achieved moderate accuracy under controlled environments,
they lacked generalization capability in real-world conditions. The introduction of Convolutional
Neural Networks (CNNs) brought a

paradigm shift by enabling end-to-end learning of discriminative features directly from pixel-level
data [50]. CNN-based FER models can capture complex spatial hierarchies of facial features,
learning both global configurations (e.g., mouth openness, eyebrow movement) and localized
micro-expressions. Datasets such as FER2013, CK+, RAF-DB, and AffectNet have served as
benchmarks, providing large-scale, labeled samples across diverse age groups, ethnicities, and
emotional states [51]. More recent advancements incorporate attention mechanisms to focus on
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salient facial regions, ensemble learning frameworks to improve robustness, and generative
augmentation strategies to address data scarcity and imbalance [52]. Despite these advances, FER
remains challenged by occlusions (e.g., masks, glasses), illumination variations, and cultural
differences in emotional display, which continue to motivate ongoing research into more robust and
generalized solutions.

B. Speech and audio-based emotion detection (LSTM/GRU, WAV2VEC)

Speech carries affective signals that go beyond linguistic content, with prosodic features such as
pitch, intonation, energy, and temporal rhythm serving as reliable indicators of emotional state.
Traditional speech emotion recognition pipelines extracted features like Mel-Frequency Cepstral
Coefficients (MFCCs), Linear Predictive Coding (LPC), and prosodic descriptors, which were then
classified using models such as Gaussian Mixture Models (GMMs) or Support

Vector Machines (SVMs). However, these models lacked the capacity to capture long-term
temporal dependencies inherent in speech signals. The advent of Recurrent Neural Networks
(RNNs), particularly Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU)
architectures, revolutionized audiobased emotion recognition by modeling sequential patterns and
contextual dependencies over time [53]. More recently, self-supervised learning frameworks such
as Wav2Vec and Wav2Vec 2.0 have shown remarkable success by pretraining on massive
unlabeled audio corpora and transferring learned representations to emotion classification tasks [54].
These approaches eliminate the dependence on handcrafted features and achieve superior
performance across languages and domains. However, practical deployment faces persistent
challenges such as inter-speaker variability, accent differences, noisy environments, and cross-
lingual adaptability, which can significantly degrade model reliability [55].

C. Textual emotion recognition (BERT AND NLP MODELS)

Textual data has long been central to sentiment analysis, providing insight into human emotions
expressed through words, phrases, and discourse. Early models relied on lexicon-based approaches,
polarity detection, and bag-of-words representations, which often failed to capture contextual
meaning or subtle emotional undertones. The introduction of deep learning, particularly word
embeddings (e.g., Word2Vec, GloVe), enabled semantic similarity detection, thereby improving
performance in textual emotion recognition. The breakthrough, however, came with the advent of
transformer-based architectures, most notably Bidirectional Encoder Representations from
Transformers (BERT) [56]. BERT introduced bidirectional contextual encoding, allowing models to
consider both left and right contexts simultaneously, thereby capturing nuanced linguistic
dependencies. Successive transformer-based variants, such as ROBERTa, DistilBERT, and XLNet,
have further refined contextual embeddings and delivered state-of-the-art results in sentiment and
emotion recognition tasks [57]. These models are widely applied to analyze social media posts,
classroom chat logs, online learning discussions, and mental health platforms. However, challenges
remain in handling sarcasm, irony, cultural linguistic variation, and domain-specific jargon, all of
which can obscure true emotional intent [58]. Addressing these requires integrating external
knowledge bases, sarcasm-aware models, and cross-cultural emotion lexicons to improve
interpretability and generalization.

D. MULtimodal fusion strategies (EARLY, LATE, AND HYBRID FUSION)

Since human emotion is expressed across multiple channels—facial expressions, speech, text, and
physiological signals—multimodal fusion has become a critical strategy for robust emotion
recognition. Fusion strategies are broadly categorized as early fusion, late fusion, and hybrid fusion
[59]. In early fusion, raw or low-level features from different modalities are concatenated at the
input stage, enabling the model to learn joint feature representations. While powerful, this approach
often suffers from high dimensionality and synchronization issues. Late fusion instead combines
predictions from unimodal classifiers, offering modularity and robustness against missing data but
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at the expense of losing fine-grained intermodal interactions [60]. Hybrid fusion has emerged as a
promising compromise, leveraging intermediate representations through mechanisms such as cross-
modal attention, tensor fusion, and graph neural networks to preserve both intra-modal and inter-
modal dependencies [61]. Recent advances integrate CNNs (for spatial features), LSTMs (for
sequential features), and Transformers (for long-range contextual dependencies) into unified hybrid
fusion frameworks, achieving state-of-the-art performance on multimodal benchmarks such as
IEMOCAP, CMU-MOSEI and MELD [62]. Despite these advancements, challenges persist in
computational scalability, real-time deployment, and handling incomplete or imbalanced modalities,
highlighting the need for lightweight yet effective fusion frameworks for practical applications such
as classroom emotion detection.

V. HYBRID DEEP LEARNING ARCHITECTURES
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Extraction (Improved)

Y
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Figure 2 Hybrid Deep Learning Architecture
This architecture ensures multimodal robustness, real-time feedback, and actionable pedagogical
insights for educators.

Hybrid deep learning architectures have emerged as a promising direction for affective computing
and emotion recognition tasks, particularly in complex environments such as classrooms or digital
learning platforms. Unlike single-model approaches, hybrid frameworks integrate multiple neural
architectures to capture complementary features across different modalities, enabling robust and
context-aware emotion detection [63], [64].

A. CNN:ss for visual emotion cues

Convolutional Neural Networks (CNNs) are widely recognized as the backbone for extracting
spatial and structural information from visual data such as facial expressions, body postures, and
micro-expressions. Their hierarchical feature extraction ability allows them to capture both low-
level details (edges, textures) and high-level semantics (facial action units, emotion-related regions)
[65]. In the context of emotion recognition, CNNs can process raw image or video frames to
generate discriminative embeddings that highlight subtle variations in expressions [66]. Recent
works have further enhanced CNN-based models by integrating residual connections, depth-wise
separable convolutions, and lightweight architectures such as MobileNet, enabling real-time
processing in resource-constrained environments like classrooms and mobile learning platforms
[67].

B. LSTM/GRU networks for temporal features

While CNNs excel at spatial feature extraction, emotions often evolve over time, requiring models
capable of capturing temporal dynamics. Long ShortTerm Memory (LSTM) and Gated Recurrent
Unit (GRU) networks are designed to retain long-range dependencies and sequential patterns,
making them effective for modeling temporal variations in speech signals, facial expression
sequences, and physiological signals [68]. For example, an LSTM can track the gradual transition
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of a student’s engagement level during a lecture, while GRUs offer computational efficiency with
fewer parameters [69]. When combined with CNN-derived embeddings, these recurrent models
capture both static and evolving cues, thereby improving recognition of complex emotional states
such as confusion, frustration, or sustained engagement [70].

C. Transformer models for contextual understanding

Transformer-based architectures such as BERT for text and Wav2Vec for audio have recently
advanced the state of emotion recognition by leveraging selfattention mechanisms to model
contextual relationships [71], [72]. Unlike recurrent models that process sequences step by step,
transformers handle entire sequences in parallel, capturing global dependencies and subtle
contextual variations [73]. In emotion-aware learning systems, BERT can analyze textual
transcripts or chat interactions to detect sentiment and intent [74], while Wav2Vec provides robust
embeddings for raw speech signals, even under noisy conditions [75]. Their pretraining on large-
scale datasets followed by task-specific fine-tuning makes them especially valuable in low-resource
educational environments where annotated emotion data is limited [76].

D. Attention-based multimodal fusion mechanisms

Since emotions are inherently multimodal-—expressed through a combination of facial expressions,
vocal tone, body language, and linguistic cues—hybrid architectures must effectively integrate
information from diverse sources [77]. Attention-based fusion mechanisms have proven highly
effective in this regard, allowing the model to dynamically assign weights to modalities based on
their relative importance in a given context [78]. For instance, during a classroom discussion, facial
expressions may dominate in detecting confusion, while speech cues may carry more weight in
identifying enthusiasm. Multimodal attention frameworks, such as cross-modal transformers or co-
attention layers, provide flexible and interpretable fusion strategies, enabling personalized and
adaptive emotion recognition systems [79], [80].

VI. EMOTION-AWARE ADAPTIVE LEARNING PLATFORMS
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Figure 3 Architecture of Deep Learning Framework for Emotion-Aware Adaptive Learning
Systems
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A. Emotion-responsive feedback frameworks

One of the defining characteristics of next-generation adaptive learning systems is their ability to
incorporate learner emotions as a central variable in the feedback cycle. Traditional intelligent
tutoring systems focused primarily on cognitive mastery, neglecting the emotional dimension that
often dictates learner persistence and motivation. Emotion-responsive feedback frameworks aim to
bridge this gap by continuously analyzing affective cues—such as facial microexpressions, speech
prosody, and textual sentiment—and mapping them onto pedagogical strategies For example, when
frustration or confusion is detected, the system can respond with supportive hints, empathy-driven
messages, or simplified explanations. Conversely, when engagement and confidence levels are high,
the system may introduce advanced tasks to sustain motivation. Experimental studies have shown
that such emotion-informed interventions not only reduce dropout rates but also promote deeper
conceptual understanding These frameworks are gradually evolving toward multimodal integration,
where cross-validating affective signals ensures robustness and minimizes misclassification in real
classroom environments.

B. Real-time instructional adaptation

While personalization has long been a goal of educational technology, real-time instructional
adaptation extends beyond static learner profiling by dynamically adjusting instructional materials
on-the-fly. This capability is powered by advances in deep learning, particularly hybrid CNN—
LSTM models and Transformer-based fusion strategies, which can process multimodal streams with
minimal latency. For instance, an adaptive classroom environment may detect declining attention
levels through gaze tracking and simultaneously modulate the pace of instruction or switch to
interactive content formats. Similarly, when high stress levels are identified via vocal features, the
system may lower task difficulty or introduce reflective pauses. Such systems embody the principle
of “teaching at the edge of capability,” maintaining a balance between challenge and support . The
success of real-time adaptation, however, depends heavily on robust sensing technologies, low-
latency inference, and ethical data handling—factors that determine whether these models can scale
to realworld educational deployments.

C. Closed-loop affective tutoring architectures

A transformative paradigm in adaptive learning lies in closed-loop affective tutoring architectures,
which treat emotion recognition not as an auxiliary feature but as a core element of instructional
design. These architectures operate through a cycle of sensing, interpretation, decision-making, and
intervention, ensuring continuous calibration between learner needs and pedagogical strategies.
Unlike open-loop systems, where feedback is often delayed or onedirectional, closed-loop models
mirror biological homeostasis by maintaining equilibrium in learning environments. For example, if
disengagement persists despite multiple interventions, the system may escalate to introducing
gamified challenges or collaborative peer learning to re-establish engagement. Moreover, closed-
loop systems allow longitudinal tracking, where emotional trajectories across sessions inform
broader adaptive strategies such as revisiting foundational concepts or adjusting the overall
curriculum. This holistic integration of affective feedback marks a significant step toward
autonomous, learnercentered tutoring agents capable of mimicking human-like responsiveness.

D. Empirical studies and pilot deployments

The practical viability of adaptive learning systems has been demonstrated in several real-world
case studies and pilot programs across diverse educational settings. In smart classrooms, emotion-
aware dashboards have provided instructors with aggregated affective analytics, enabling more
informed pedagogical decisions. Similarly, in online platforms, multimodal emotion recognition has
been integrated to personalize course progression, resulting in improved retention and reduced
learner fatigue. A notable pilot deployment reported that real-time adaptation led to measurable
gains in test performance compared to traditional e-learning, highlighting the impact of affective
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integration. Nonetheless, challenges remain in ensuring cross-cultural applicability, preventing
algorithmic bias, and safeguarding student privacy. For large-scale deployments, computational
overhead and the need for scalable architectures represent significant hurdles. These case studies
collectively illustrate both the promise and the complexities of deploying adaptive learning systems,
underlining the need for standardized evaluation frameworks and interdisciplinary collaboration
between educators, data scientists, and ethicists.

VII. RECENT ADVANCEMENTS (2021-2024)

The period between 2021 and 2024 has witnessed rapid progress in emotion recognition research,
driven by breakthroughs in deep learning architectures, self-supervised paradigms, and explainable
Al These advancements have extended the scope of emotion-aware systems from academic
prototypes to deployable solutions in education, healthcare, and digital learning. This section
highlights four critical trends: multimodal transformers, contrastive/selfsupervised learning,
visualization dashboards, and explainability frameworks.

A. Multimodal transformers for emotion recognition

Transformer models have become the backbone of modern emotion recognition pipelines,
particularly in multimodal contexts. Unlike conventional CNNRNN hybrids, multimodal
transformers leverage self-attention to integrate diverse signals such as text, speech, and facial
expressions at both early and late fusion levels. Recent architectures such as Multimodal
Transformer Networks (MulT) and cross-modal attention-based models. outperform prior baselines
by capturing long-range dependencies and aligning asynchronous signals across modalities. In
educational scenarios, multimodal transformers have enabled fine-grained tracking of student
engagement by jointly analyzing real-time video feeds and classroom dialogue. These models also
show scalability, making them suitable for cloud-based learning platforms with high student-to-
teacher ratios. B. Contrastive and self-supervised learning approaches

One of the key challenges in affective computing is the scarcity of annotated emotion datasets,
especially for diverse cultural and classroom contexts. Selfsupervised learning (SSL) has emerged
as a solution by exploiting large amounts of unlabelled multimodal data. Approaches such as
contrastive learning align embeddings across modalities (e.g., matching facial features with
corresponding vocal tones) to build robust cross-modal representations. Models like SImCLR and
MoCo have been adapted for emotion recognition, while speech-specific SSL frameworks such as
HuBERT and wav2vec 2.0 have demonstrated superior performance in low-resource emotion
detection tasks. These methods reduce the dependency on costly manual annotations, making them
highly relevant for real-world classroom environments where continuous data streams can be
leveraged for pretraining.

C. Emotion dashboards and visualization tools

Beyond recognition, researchers have emphasized the need for emotion dashboards and
visualization systems to support educators and psychologists in interpreting emotional trends. Such
tools aggregate multimodal predictions into macro-level insights, displaying metrics like
engagement levels, stress distribution, or emotional volatility across a class session. Dashboards
powered by deep learning models and real-time analytics allow educators to adapt instructional
strategies, personalize feedback, or intervene when students exhibit signs of stress or disengagement.
Recent work has integrated these dashboards into learning management systems (LMS), providing
longitudinal emotional analytics for hybrid and online classrooms. While promising, scalability and
ethical considerations (e.g., ensuring privacy and preventing over-surveillance) remain ongoing
research challenges.

D. Explainable ai for emotion-aware systems

As emotion recognition becomes increasingly integrated into sensitive domains such as education
and healthcare, explainable Al (XAI) has gained prominence to ensure transparency and trust
worthiness Traditional deep learning models often operate as “black boxes,” limiting their
acceptance among educators and policymakers. To address this, recent works employ attention
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visualization, saliency maps, SHAP values, and local interpretable modelagnostic explanations
(LIME) to highlight the cues driving model predictions. For instance, attention heat maps can reveal
which facial regions or speech frames influenced a detected emotion, helping educators validate
system outputs. Moreover, explain ability fosters accountability, ensuring compliance with ethical
guidelines and data privacy frameworks. Between 2021 and 2024, XAl-driven emotion systems
have emerged as a critical step toward fair, interpretable, and responsible affective computing
solutions.

VIII. EVALUATION AND BENCHMARKING

A. Performance evaluation metrics

The assessment of emotion recognition systems relies on well-defined performance metrics that
capture not only classification accuracy but also the robustness and efficiency of the models.
Accuracy remains the most widely used metric, offering a straightforward measure of correctly
identified emotions.  However, in imbalanced datasets—where certain emotions such as
“happiness” are more frequent than others—accuracy alone may be misleading. To address this, the
F1-Score, which balances precision and recall, is often emphasized as a more reliable indicator of
true system performance. Beyond predictive quality, metrics such as latency and throughput are
increasingly important in real-time classroom environments. Systems designed for adaptive learning
must operate with minimal delay to ensure that detected emotions directly influence instructional
adjustments. Therefore, the evaluation of emotion recognition frameworks today involves a
multidimensional analysis that considers both predictive reliability and computational efficiency.

B. Benchmark datasets for emotion recognition

Benchmark datasets form the foundation for training, validating, and comparing emotion
recognition systems. Among the most widely adopted is FER2013, a large-scale dataset consisting
of grayscale facial images annotated across seven emotion categories. While FER2013 offers
diversity in expressions, it is limited by lower image resolution and the absence of contextual
information. More advanced datasets such as AffectNet and RAF-DB provide high-resolution
images collected from real-world scenarios, incorporating diverse cultural and demographic
variations. These datasets enable the development of models that generalize better to uncontrolled
classroom environments. In the domain of speech, corpora such as IEMOCAP and RAVDESS
provide multimodal recordings annotated with emotional labels, supporting audio-based or
multimodal research. The availability of such benchmarks not only accelerates innovation but also
ensures comparability of models across different research studies and deployment contexts.

C. Comparative analysis of hybrid vs. Unimodal models

A critical dimension of benchmarking lies in the comparative evaluation of unimodal and hybrid
multimodal models. Unimodal systems, relying solely on inputs such as facial expressions, speech,
or text, are easier to design, computationally lighter, and often suitable for specific applications with
constrained resources. However, their performance is limited by the variability and ambiguity
inherent in single modalities—for instance, facial occlusion can obscure expressions, while speech-
based systems may fail in noisy environments. Hybrid multimodal models integrate information
streams from facial cues, vocal tones, and textual interactions, allowing cross-validation of affective
signals and achieving significantly higher robustness. Benchmarking studies consistently reveal that
while unimodal systems perform well under controlled conditions, hybrid models excel in complex,
real-world environments such as classrooms, where multiple cues interact dynamically. The trade-
off lies in computational cost and system complexity, highlighting the need for optimized
architectures that balance accuracy, latency, and scalability.
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D. Concluding synthesis

Evaluation and benchmarking serve as the cornerstone of advancing emotion recognition research,
ensuring that proposed models are not only theoretically sound but also practically deployable. The
combination of performance metrics, benchmark datasets, and comparative analyses provides a
comprehensive framework for validating system effectiveness. Metrics such as F1-Score and
latency address both prediction quality and real-time applicability, while datasets like AffectNet and
IEMOCAP establish common grounds for fair comparison. Moreover, the consistent superiority of
multimodal architectures over unimodal counterparts underscores the importance of fusion-based
approaches in realistic environments. Taken together, these evaluation practices not only guide
researchers in refining algorithms but also provide educators and system designers with critical
insights into selecting models that balance precision, efficiency, and scalability for adaptive
learning applications.

MODEL MODALITIES [COMMON [PRIMARY STRENGTHS [LIMITATIONS
TYPE USED ATASETS METRICS
Unimodal (CNNlFacial FER2013, Accuracy, [Simple Sensitive to
for FER) expressions RAF-DB F1-Score design, occlusion,
(images) lower lighting, and
computational pose
cost variations
Unimodal Speech & audio[EMOCAP, |Accuracy, |Captures Fails in
(LSTM/GRU for signals RAVDESS Recall, | temporal noisy
Audio) Latency dependencies inenvironments,
speech speakerdependent
Unimodal Textual dataEmoBank, [Precision, [Strong Limited in
(BERT for Text) (dialogues, GoEmotions [F1-Score  [semantic spontaneous
transcripts) understanding, [classroom speech;

contextaware  [text-only cues lack]
emotional depth

Hybrid Earlylmage + Audio HAffectNet +HAccuracy, |[Rich featureHigh

Fusion Text (combined[EMOCAP [Latency representation, |dimensionality,
feature space) cross-modal risk of overfitting
learning
Hybrid Lat{ Independent Multi-DB  |Accuracy, [Flexibility, Suboptimal
Fusion unimodal models| (FER2013 [Weighted |modular design |crossmodal
with finall + F1-Score interactions
decision RAVDESS)
integration
Hybrid Dynamic AffectNet, | Accuracy, Robust, adaptsHigher
Hybrid/Attentionweighting ofMultimodal F1- Score,to missingcomplexity,
Fusion modalities (CNN|Classroom  [Latency modalities, bestrequires powerful
+ LSTM  +Data real-world hardware
Transformers) erformance

Table 1. Comparative Evaluation of Emotion Recognition Models

IX. CHALLENGES AND LIMITATIONS

A. Latency and real-time processing constraints

One of the foremost challenges in deploying emotion recognition systems in classroom
environments lies in achieving real-time responsiveness. Deep learning models, especially
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multimodal architectures that combine CNNs, LSTMs, and Transformers, often require significant
computational resources, which can introduce latency. Even minor delays in processing facial
expressions, audio signals, or textual cues can disrupt the closed-loop feedback cycle that adaptive
learning systems rely on. While edge computing and model compression techniques offer partial
solutions, balancing high accuracy with low latency remains an unresolved problem. Ensuring
seamless interaction between students and adaptive systems requires architectures that are both
computationally efficient and scalable

B. data scarcity and generalizability in classroom contexts

Emotion recognition models depend heavily on large-scale, high-quality datasets for effective
training. However, existing benchmark datasets such as FER2013 or IEMOCAP are often collected
in laboratory or controlled settings, which limits their applicability to dynamic classroom
environments. Classroom data is inherently noisy, with variations in lighting, occlusion,
background chatter, and cultural differences in expression. Moreover, privacy restrictions make it
difficult to collect large-scale real-world datasets from schools. This results in models that perform
well in research environments but struggle to generalize across diverse educational contexts.
Developing domain-adapted datasets and robust augmentation strategies is therefore essential for
ensuring reliable performance in classrooms.

C. Privacy, fairness, and ethical concerns

The integration of emotion recognition technologies in educational environments raises significant
ethical and social considerations. Capturing facial expressions, voice recordings, and textual
interactions can lead to privacy violations if proper safeguards are not in place. Additionally,
emotion recognition models are prone to algorithmic bias, particularly if trained on datasets that
underrepresent certain demographic groups. This can result in unfair or inaccurate assessments of
students, potentially reinforcing educational inequalities. Furthermore, the continuous monitoring of
student emotions raises concerns regarding autonomy, consent, and psychological impact.
Addressing these challenges requires strict compliance with data protection regulations,
incorporation of fairness-aware algorithms, and transparent communication with stakeholders
regarding the use of affective computing systems in education.

D. Scalability and resource efficiency

Deploying multimodal emotion recognition systems across classrooms involves challenges related
to scalability and resource utilization. High-performance models often demand GPUs or specialized
hardware, which may not be available in most educational institutions, especially in resource-
constrained settings. Cloud-based solutions offer an alternative but raise additional concerns related
to network dependency, latency, and data security. Furthermore, scaling these systems across
diverse classrooms introduces heterogeneity in devices, environments, and student populations,
which complicates deployment. Striking the right balance between model complexity, energy
efficiency, and scalability is crucial for making these systems practical and accessible in real-world
educational environments.

E. Concluding remarks

While emotion recognition technologies hold significant promise for enhancing adaptive learning,
their integration into classroom settings is constrained by technical, ethical, and infrastructural
barriers. Issues related to latency, data scarcity, privacy, and scalability highlight the gap between
theoretical research and practical implementation. Addressing these challenges requires a
multidisciplinary approach, combining advances in machine learning, privacypreserving
computation, educational psychology, and policy-making. By overcoming these barriers, future
systems can move closer to realizing the vision of equitable, real-time, and ethically responsible
emotion-aware learning environments.
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X. FUTURE RESEARCH DIRECTIONS

A. Advancing few-shot and self-supervised learning in low-resource contexts

A persistent barrier to progress in classroom-based emotion recognition is the shortage of large,
high-quality annotated datasets. Traditional supervised methods demand extensive labeled data,
which is impractical in real educational environments due to privacy constraints, annotation costs,
and classroom variability. Few-shot learning (FSL) and self-supervised learning (SSL) represent
promising research frontiers. FSL enables models to adapt effectively from only a handful of
labeled samples, making them suitable for capturing rare or underrepresented emotions such as
frustration or boredom. SSL, on the other hand, leverages abundant unlabeled multimodal
classroom recordings to pre-train deep representations, which can later be fine-tuned for emotion
tasks. Integrating these approaches will allow systems to operate robustly across different cultural
and linguistic contexts with minimal manual annotation, paving the way for generalizable, low-
resource emotion recognition systems.

B. Fairness-centered and bias-resistant emotion models

Another crucial research direction lies in addressing bias and fairness in emotion recognition.
Existing models often inherit biases from training datasets, which may disproportionately represent
certain demographics while marginalizing others. This results in uneven performance across age
groups, ethnicities, and cultural expression styles, potentially amplifying educational inequalities.
Future models must therefore incorporate fairness-aware optimization strategies, such as adversarial
debiasing, balanced augmentation, and regularization terms designed to equalize performance
across demographic subgroups. Beyond fairness, integrating explainable Al (XAI) techniques will
provide educators with interpretable insights into system predictions, fostering trust and
accountability. The development of fairness benchmarks and auditing frameworks tailored to
classroom environments will be essential for ensuring that future systems are equitable, transparent,
and socially responsible.

D. Privacy-preserving and federated learning architectures

With classrooms involving highly sensitive student data, the advancement of privacy-preserving
learning frameworks is indispensable. Federated Learning (FL) has emerged as a powerful
paradigm, enabling distributed training across edge devices without transferring raw data to
centralized servers. This ensures that sensitive information, such as facial expressions and voice
data, remains on-device. Future work should explore the integration of FL with differential privacy
to prevent information leakage and homomorphic encryption for secure computation. However,
significant challenges remain: federated systems must handle heterogeneous hardware, unreliable
connectivity, and uneven data distribution across classrooms. Overcoming these challenges will
enable scalable, privacy-first deployments of emotion recognition systems in real-world educational
institutions.

E. Seamless integration with Ims and smart classroom ecosystems

The true impact of emotion recognition technologies will only be realized when they are deeply
integrated into existing educational ecosystems, rather than functioning as standalone modules.
Future systems should be capable of plug-and-play integration with Learning Management Systems
(LMS) such as Moodle or Blackboard, enabling adaptive content delivery based on real-time
emotional cues. For instance, when disengagement is detected, the LMS could automatically
suggest interactive resources or adjust instructional pacing. Additionally, integration with IoT-
enabled smart classrooms—featuring connected sensors, AR/VR interfaces, and interactive
whiteboards—can foster immersive, affect-driven learning environments. This direction requires
close collaboration between Al researchers, educational technologists, and policymakers to ensure
that emotion-aware systems not only enhance learning outcomes but also align with ethical,
pedagogical, and infrastructural requirements.

The next decade of research in classroom-based emotion recognition must go beyond algorithmic
improvements and address holistic system-level challenges. Few-shot and self-supervised methods
will make systems adaptable to low-resource conditions, while fairness-aware frameworks will
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ensure inclusivity across diverse learner populations. Privacy-preserving techniques, particularly
federated learning, will safeguard sensitive data and build trust in large-scale deployments. Finally,
seamless integration with LMS and smart classroom infrastructures will bridge the gap between
research prototypes and practical adoption. Collectively, these research directions point toward a
future where emotion-aware learning platforms are intelligent, equitable, secure, and deeply
embedded in educational practice—ultimately transforming classrooms into adaptive environments
that respond dynamically to student needs.

XI. CONCLUSION

This survey has reviewed the evolution of emotion recognition and affective computing in
education, highlighting developments from traditional unimodal approaches to advanced
multimodal frameworks that integrate facial, audio, and textual signals. The analysis revealed that
while unimodal systems such as CNN-based facial expression recognition or LSTM-driven speech
analysis provide valuable insights, their limitations in noisy, dynamic environments reduce
effectiveness. In contrast, hybrid multimodal approaches—Ileveraging deep architectures such as
CNNs, LSTMs, and Transformers—consistently demonstrate superior performance and robustness
in real-world classroom settings. Furthermore, the survey emphasized the importance of evaluation
through comprehensive metrics (accuracy, Fl-score, latency) and benchmark datasets (FER2013,
AffectNet, IEMOCAP), which serve as critical foundations for validating model performance and
ensuring fair comparisons across studies.

The findings of this work carry significant implications for digital and hybrid learning environments,
which are becoming increasingly prevalent in modern education. Emotion-aware systems can
enhance teaching effectiveness by providing real-time feedback loops, allowing instructors to detect
disengagement, confusion, or stress, and adapt content delivery accordingly. In online or hybrid
settings, where the absence of face-to-face cues limits instructor awareness, such systems can
bridge the gap by offering continuous monitoring of student affective states. This paves the way for
personalized learning experiences, where instructional material is dynamically tailored to individual
needs, thus fostering engagement, motivation, and improved learning outcomes. At the same time,
practical considerations—such as computational efficiency, scalability, and integration with LMS
platforms—remain crucial for ensuring adoption in diverse educational institutions.

Looking forward, the role of affective computing in education must extend beyond technical
efficiency to embrace principles of personalization, equity, and ethics. Emotion-aware systems
should not only optimize learning outcomes but also safeguard student privacy, ensure fairness
across diverse demographics, and maintain transparency in decision-making. By embedding
privacy-preserving frameworks, fairness-aware learning models, and explainable Al techniques,
future educational technologies can align with broader societal expectations of ethical AL
Ultimately, the integration of these systems within smart classrooms and digital learning platforms
can transform traditional teaching into adaptive, learner-centered experiences. The path ahead calls
for interdisciplinary collaboration among Al researchers, educators, and policymakers to build
technologies that are not only intelligent but also responsible and human-centric, shaping the future
of personalized and ethical education.
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