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Abstract

Emotion recognition allows intelligent systems to recognize and address human emotions, making
human computer interaction better. The single-modality-based approaches, i.e., speech or facial
expressions alone, usually failed to recognize the full spectrum of human emotions under realistic
conditions. The advance in machine learning and deep learning has given rise to particularly
important multimodal and multilingual emotion recognition methods. In such a system, facial
expressions, voice, and text are the different sources used by integrating these to improve the
detection of emotion in various languages. This study present recent advance on multimodal and
multilingual emotion recognition, while giving special emphasis on convolutional, recurrent, and
transformer models. It covers systems like Multilingual Speech Emotion Recognition (MSER) and
shows how they apply to India and other low-resource languages. It identifies emotion-aware music,
activity, and education recommendation systems for their potential to boost personalization and
user engagement. It discusses specific challenges on dataset imbalance, cultural differences,
subjective emotional boundaries, and privacy issues. Finally, this paper provides a direction for
creating contextually aware, adaptive, and ethically sensitive emotion recognition systems.

Keywords: Emotion recognition, Multimodal learning, Multilingual speech emotion
recognition, Deep learning, Affective computing, Personalized recommendation

Introduction

Emotion recognition is one of the important areas in artificial intelligence because it is applied in
human-computer interaction, behavioral analysis, and affective computing. Many work in the same
area has been perform to create machines that will be able to identify and then respond to human
emotions through facial expressions, intonation of voice, gestures, and language patterns [7], [8],
[27]. Various ER technology is used in adaptive learning, mental health monitoring, and
entertainment, among other more advanced personal assistants, where emotion understanding
allows for better personalization and user experience [1], [3], [21].

Most of the Emotion recognition works generally used unimodal data, e.g., either facial expressions
or speech, with handcrafted features like Mel-Frequency Cepstral Coefficients (MFCC) or Local
Binary Patterns (LBP) [25], [30]. These methods utterly fail, however, under real-world circumstances
because affect is multimodal and culturally biased. Single-modality may fail in occlusion, noise, or
linguistic variation, which motivated the development of multimodal emotion recognition systems
that make use of multiple channels of information [9], [32], [36].

Machine learning and deep learning have also made emotion recognition easier by the automatic
extraction of features and learning of representations. The main use of CNN is for the visual and
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audio analyses, while hybrid models such as CNN-LSTM networks describe both spatial and temporal
structures of emotional signals [9], [27]. Recent works have been using attention-based and
transformer architectures that yield state-of-the-art performance by modeling effectively long-range
dependencies and cross-modal relationships effectively [5], [34], [35]. These models not only
improve the accuracy of recognition but also assist in understanding the development of emotions
across various modalities.

This attracts interest in the research of multilingual emotion detection with emotion-aware systems
being rolled out across the world. Variations in phonetics, prosody, and linguistic context across
different languages make it challenging to design generalized systems [15, 37]. Models trained on
English corpora fail to capture emotions correctly across other languages, including Indian and low-
resource ones. Cross-lingual adaptation, transfer learning, and pre-trained models like wav2vec 2.0
embeddings are effective remedies [35, 37].

Recent works also focus on emotion-aware recommendation systems with dynamic adaptation of
content, music, or activities considering user emotions [1], [2], [4], [14]. By utilizing multi-modal
cues, these applications provide context-sensitive personalized responses that further increase user
engagement. For example, the inclusions of emotion recognition in e-learning systems allow
educators to monitor student engagement and emotional states in real-time manners [6].

Even with their huge success, they all have some challenges. The number of labels in multimodal
datasets is always limited, and the boundaries of emotions are not objective. More to these are
issues related to fusing heterogeneous modalities leading to synchronization and interpretability
problems [16], [22], [34]. Besides that, multilingual emotion recognition raises a lot of ethical and
privacy concerns about cross-cultural data gathering and use.

This paper presented an overall review on multimodal and multilingual emotion recognition using
machine learning and deep learning. Section 2 briefed on unimodal and multimodal techniques,
Section 3 reviewed multilingual and cross-lingual systems, Section 4 discussed emotion-aware
applications, and Section 5 mentioned challenges and future research directions in the area of
affective computing.

2. Literature Review

Recent advances in machine learning, deep learning, and affective computing have fostered
development in emotion recognition systems. The presented work has evolved from unimodal to
multimodal and multilingual methods of analyzing facial, speech, and text cues together during the
last decade. Thereby, these systems are closing the gap between human expression of emotion and
computational understanding by learning data-driven representations of emotions that generalize
across cultural and linguistic settings. Major advances in recognition of facial, speech, multimodal,
and multilingual emotion recognition and their applications with mention of inherent challenges are
discussed in the following subsections.

2.1 Facial Emotion Recognition

Facial Emotion Recognition is arguably the most investigated area in affective computing
since facial expressions are amongst the richest forms of nonverbal communication. Earlier
FER systems used handcrafted features such as LBP, Gabor filters, and Eigenfaces. With the
advent of deep learning, all these aforementioned features became automated under the
convolutional architectures that pushed the accuracy even further.
Kaur and Kumar [7] summarized deep learning-based FER approaches and described that
CNNs consistently outperform old-fashioned classifiers in both controlled and naturalistic
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conditions. Meena et al. [27] proposed a deep CNN model trained on the FER-2013 dataset
with over 91% accuracy for simple emotions. Lee et al. [28] proposed a knowledge-
distillation model that reduced inference time without losses in terms of accuracy. Wang et
al. [29] presented OAENet, a spatial-oriented attention ensemble network able to sense
fine-grained  spatial  relationships and  featuring an  accuracy of 92%.
Manalu and Rifai [9] combined CNN and RNN layers in order to represent temporal changes
of facial sequences and received better emotion discrimination from dynamic video frames.
Bakariya et al. [30] connected music recommendation with facial emotion detection, thus
proving applicability for FER in adaptive user experience systems. To put it in a nutshell, all
these experiments already position FER as a solid real-time scalable technology for emotion
perception.

Table 2.1: Facial Emotion Recognition Summary

Reference Dataset Algorithm / Model Performance /
Accuracy

Kaur & Kumar | FER-2013 CNN 91%

[7]

Meena et al. | FER-2013 Deep CNN 91%

[27]

Lee et al. [28] CK+ Knowledge Distillation CNN 89%

Wang et al. [29] | RAF-DB OAENet (Oriented Attention | 92%
Ensemble)

Manalu & Rifai | CK+ CNN + RNN 90%

[9]

Bakariya et al. | Custom CNN + Recommendation 88%

[30] Dataset

Issues and Limitations in FER

1. Environmental sensitivity: Most current FER models perform perfectly in controlled
environments but degrade for changing illumination conditions, occlusion, or head
poses.

2. Cultural variation: Emotional expressions vary across cultures, limiting model
generalization.

3. Temporal dynamics: Static image-based models cannot be that sensitive to
sequential facial movements.

4. Dataset bias: Most large annotated datasets lie in limited domains, which hurts
robustness to real-world scenarios.

While FER has achieved much towards maturity, generalization and dynamic recognition
remain areas where it always lags. Typically, the multimodal approaches try to circumvent
such limitations by combining facial cues with speech or text cues.

2.2 Speech Emotion Recognition
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By analysing the building cures, Speech Emotion Recognition investigates acoustic and
prosodic features such as tone, rhythm, and pitch which carry critical information. Early SER
employed features such as MFCC, ZCR, and pitch contours as the input to an SVM or HMM
classifier. Deep learning replaced these hand-crafted techniques with data-driven
representations that capture subtle emotional messages.
Alhussein et al. [8] developed a comprehensive review of SER and documented that
repetitive models like LSTM and GRU were highly robust across varying acoustic conditions.
Oh et al. [10] proposed an autoencoder-based multi-detection SER system for noisy mobility
settings, with the enhancement in emotion classification performance. Pepino et al. [35]
employed wav2vec 2.0 embeddings to extract high-level features independent of the
language of the raw audio, while improved cross-linguistic emotion recognition is observed.
Somvanshi et al. [37] applied these techniques to multilingual scenarios, especially Indian
languages, where deep models obtained substantially higher accuracy relative to traditional
models. All these works point out SER as a primary central modality for end-to-end affective
analysis.

Table 2.2: Speech Emotion Recognition Summary

Reference Dataset Algorithm / Model Performance /
Accuracy
Alhussein et al. [8] IEMOCAP LSTM / GRU 86%
Oh et al. [10] Emo-DB Autoencoder + Classifier 85%
Pepino et al. [35] MSP-IMPROV wav2vec 2.0 88%
embeddings

Somvanshi et al. Indian Multilingual LSTM 85%
[37] Languages

Issues and Limitations in SER
1. Noise sensitivity: Acoustic features are sensitive to environmental noise.
2. Language dependency: Classical models do not generalize across languages.

3. Data requirements: Deep models require big annotated datasets, which hardly exist
for any language.

4. Speaker variation: Variation in vocal pitch, rate, and style can decrease accuracy.

While SER is back in the spotlight of affective computing, it needs robust, multilingual, and
noise-tolerant architectures before real-world applications can be reliably conducted.

2.3 Multimodal Fusion Systems

While unimodal methods can capture partial emotion cues, human emotion is inherently
multimodal. MER integrates visual, auditory, and textual inputs into a unified
representation. The most central problem is how to synchronously harmonize and merge
heterogeneous data.
Chaudhari et al. [31] proposed a hybrid CNN-BiLSTM model that combined the facial and
speech modalities and outperformed the best single-source baseline models. Tang et al. [32]
used feature-fusion to generate context-relevant visual and audio features; spatial and
temporal, respectively. Tomar et al. [36] utilized deep fusion networks that included
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learning inter-modal correlations simultaneously to achieve over 93% accuracy on standard
benchmark datasets. Ahmed et al. [22] classified fusion methods into early, late, and hybrid;
however, emphasized that only attention-based transformers provide the most effective
fusion in a multimodal fusion. N. S. et al. [21] deployed an Al-Bot that merged facial and
voice information for tracking emotional states in mental well-being applications.

Table 2.3: Multimodal Emotion Recognition Summary

Reference Dataset Algorithm / Model Performance /
Accuracy
Chaudhari et al. CMU- CNN (Face) + BiLSTM 92%
[31] MOSEI (Speech)
Tang et al. [32] RAVDESS Feature Fusion (Visual + 91%
Audio)
Tomar et al. [36] IEMOCAP Deep Fusion Network 93%
Ahmed et al. [22] Multiple Transformer-based Fusion 94%
N. S. et al. [21] Custom Multimodal Al-Bot 90%

Limitations and Issues in MER
1. Alignment: Temporal misalignment between modalities will reduce performance.

2. Computational cost: Multimodal models are more computationally expensive than
unimodal ones.

3. Data scarcity: Collecting synchronized, labeled multimodal datasets is complicated.
4. Model complexity: Fusion architectures are harder to train and less interpretable.

Despite these disadvantages, MER always does better than the unimodal methods of real-
world and dynamic data.

2.4 Muultilingual Emotion Recognition

Recognizing emotions across different languages comes with several challenges, including
cultural differences, variations in speech sounds, and ambiguous meanings. Multilingual
Emotion Recognition (MLER) aims to create models that can interpret emotional signals
regardless of language. Cai et al. [15] reviewed methods for emotion recognition in multiple
languages and pointed out the importance of transfer learning and multilingual embedding
spaces. Pepino et al. [35] used self-supervised wav2vec 2.0 embeddings to capture acoustic
features that are less dependent on language, which improved cross-lingual performance.
Somvanshi et al. [37] studied deep learning models for Multilingual Speech Emotion
Recognition (MSER) in Indian languages, using multilingual fine-tuning to deal with low-
resource datasets.

Ahmed et al. [22] highlighted the need for consistent multilingual datasets and context-
aware feature learning to reduce bias between language groups. Their work shows that
multilingual emotion recognition must go beyond simple translation and consider how
emotions are expressed in different cultures. The field is gradually moving toward universal
models that combine linguistic and non-linguistic cues, aiming for more generalizable, global
emotion-aware systems.
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Table 2.3: Multimodal Emotion Recognition Summary

Reference Dataset Algorithm / Model Performance /
Accuracy

Chaudhari et al. CMU- CNN (Face) + BiLSTM 92%
[31] MOSEI (Speech)

Tang et al. [32] RAVDESS Feature Fusion (Visual + 91%

Audio)

Tomar et al. [36] I[EMOCAP Deep Fusion Network 93%
Ahmed et al. [22] Multiple Transformer-based Fusion 94%
N.S. et al. [21] Custom Multimodal Al-Bot 90%

2.5 Applications and Challenges

Emotion recognition is being used in many real-world systems. Some systems try to suggest
music, activities, or learning content based on a user’s mood, which can help keep them
engaged [1], [2], [4], [5], [14], [30]. For example, Aly [6] found that tracking student
emotions during online classes can improve learning outcomes. Sarala et al. [1] created a
system that recommends tasks for each learner, and N. S. et al. [21] developed a multimodal
bot that looks at both voice and facial expressions to assess mental health.

Even with these developments, there are still challenges. High-quality datasets are hard to
get, and many models only work for certain languages. How emotions are expressed can
vary a lot between cultures, which makes recognition tricky. Combining data from different
sources is also not easy, especially if the timing or sampling rates do not match. Privacy and
bias remain major concerns [16], [22], [34]. The environment, social context, and the
speaker’s intentions can also affect results. Future research will need to focus on fairness,
explainability, protecting data, and making systems more adaptive so they can work in real
time across different settings.

Issues and Limitations in MLER
1. Low-resource languages: Small annotated datasets restrict model accuracy.

2. Cultural differences: Emotional expressions vary in meaning and intensity across
cultures.

3. Feature harmonization: Aligning features across languages and modalities remains
challenging.

4. Model adaptation: Transfer learning requires careful tuning to prevent performance
loss.

Research in multimodal and multilingual emotion recognition is now aiming at models that
can work across cultures and languages.
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Conclusion

Multimodal and multilingual emotion recognition (MMER) has emerged as a pivotal area in
affective computing, enabling intelligent systems to perceive and respond to human
emotions in complex, real-world scenarios. This review highlights the progression from
traditional unimodal approaches to sophisticated deep learning and transformer-based
architectures capable of integrating facial, speech, textual, and physiological signals.
Multimodal fusion and cross-lingual adaptation have demonstrated significant
improvements in recognition accuracy, robustness, and context-awareness. Applications in
education, healthcare, entertainment, human-robot interaction, and smart assistants
underscore the transformative potential of these systems. Despite substantial
advancements, challenges remain in modality fusion, dataset scarcity, cross-cultural
generalization, real-time processing, and ethical considerations. Future research should
focus on developing scalable, low-latency, and ethically responsible MMER frameworks,
incorporating adaptive fusion strategies, universal affective representations, and culturally
sensitive designs. Addressing these challenges will pave the way for next-generation
emotion-aware systems that are robust, inclusive, and capable of enhancing human-—
computer interaction across diverse linguistic and cultural contexts.
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