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Abstract:  Emotional recognition has become a main area of focus in the AI domain that made it possible for systems to take the human emotional states into account and thus facilitate human-computer interaction, mental health evaluation, and the engagement of customers. The use of traditional unimodal systems for emotion detection often results in inaccurate emotional classification mainly due to the presence of noise in the real-world scenarios. This article gives a detailed study of the hybrid multimodal emotion recognition systems, which combine audio, visual, and textual modalities, and deep learning models like CNNs, LSTMs, transformers, and attention mechanisms for feature extraction and fusion respectively. The integration of Explainable Artificial Intelligence techniques such as LIME, SHAP, Grad-CAM, and attention maps is one of the main concerns, as it increases the model's transparency, fairness, and trustworthiness. The comparison of the outcomes shows that the multimodal and XAI-augmented frameworks always have better performance than the unimodal systems and even reach the state-of-the-art performance while improving interpretability and robustness across different datasets. The results clearly indicate a trend toward interpretable, hybrid, and real-time emotion recognition frameworks that further the development of human-centric, reliable, and ethically aligned affective computing applications that contribute to Good Health and Well-Being by providing support for emotional awareness and mental health monitoring. 
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1. Introduction
The use of automated emotion recognition has become one of the main AI research areas because of its various applications in social media monitoring, customer feedback analysis, healthcare, education, and human-computer interaction to call but a few [1]. As social media grows, so do the requirements for behavioral and emotional intelligence systems. The psychological viewpoint associates the recognition of sentiments with the understanding of mental states and intentions thereby applying sentiment analysis in business, social, and clinical decisions. The traditional text-based approaches that focus on lexical, syntactic, and semantic cues encounter difficulties when it comes to the interpretation of complex emotions like sarcasm or tone [2]. Since human communication is multimodal consisting of speech, facial expressions, gestures, and context, the demand for multimodal sentiment recognition systems for accuracy is inevitable.
 To address these limitations, the new paradigm called multimodal sentiment analysis (MSA) has been proposed which is very interesting as it combines the sources of text, audio and image to improve and extend the analysis of human sentiments and emotions [3]. By making use of the linguistic aspects of the text, the acoustic and paralinguistic features of audio, and the visible and non-verbal cues from the images, MSA is moving towards more precise and human-like emotion recognition [4]. This unified scheme permits the models to detect both the marked sentiment expressions (for example positive or negative words) as well as the subdued hints (such as a specific voice tone or facial expression) which might not be depicted or could be easily overlooked in the analysis done with one modality only. MSA is expected to deliver a sentiment recognition system that is more robust, reliable and accurate [5]. In this research, the whole procedure of multimodal emotion recognition is represented in Figure 1, which depicts the progression from data input to performing modality-oriented feature extraction (for speech, text and image), then merging features and finally classifying emotional states. This setup guarantees that the adding up of the different types of cues from the various modalities helps to attain superior accuracy of emotion classification.
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Figure 1: General Architecture of a Multimodal Emotion Recognition Framework

1.1. Importance of Multimodal Analysis
Text is the most common form of communication in SA and at the same time provides clear meaning and the polarity of the opinion expressed [6]. Markers of subjective sentiment can be found in the use of words, phrases, and even the syntax used. Nevertheless, in cases involving sarcasm, ambiguity, or figurative expressions, the limitations of verbal modalities are unmasked as the literal meaning varies with the intended affect. Audio adds value to text when we use speech features, such as precise aspects of prosody like pitch, intonation, tempo, loudness and rhythm, when the auditory signal is available for analysis [7]. These auditory features provide more emotional information and elements that may not be present in text representations. For example, the phrase "That's great" may show excitement and enthusiasm when spoken in a very enthusiastic way, whereas it might signal sarcasm when produced with no added features or, in an exaggerated flat tone. 
Images, or more specifically, facial expressions and body language, provide one final layer of complexity: non-verbal affective cues. A facial expression, such as a smile or frown, or micro-expressions, combined with existing contextual background visual elements, could easily change how people interpret a message. Images provide not only a more authentic representation of the affect expressed but also a better representation when the textual or audio signals are unclear [8].
Despite the multidimensional approaches of integrating modalities into a coherent approach, MSA systems ultimately create a cumulative effect [9]. Cross-modal relationships in the model can manage ambiguities, lower classification errors, and help improve robustness of predictions in uncertain or incomplete data contexts. In fact, multimodal systems emulate the fact that humans instinctively interpret communication by accessing and integrating linguistic, auditory, and visual input at the same time.

1.2. Fusion strategies in MSA
Fusion strategies are central to multimodal sentiment models, as they determine how signals from text, audio, and images are integrated to maximize complementarity while minimizing redundancy [10]. 
· Early fusion (feature-level) combines features from all modalities into a single representation before classification, enabling rich cross-modal interactions but increasing dimensionality and sensitivity to noise [11]. 
· Late fusion (decision-level) trains separate classifiers for each modality and merges outputs through voting or averaging, offering computational efficiency and robustness to missing data but overlooking interdependencies. 
· Hybrid fusion is a combination of both methods that not just takes the best of both but also balances feature interactions at the level of processing with robustness at the level of decision making. Despite being more demanding in terms of computation, hybrid techniques always have superior performance as their main advantage, thus they are considered to be one of the most important areas for the development of multimodal sentiment analysis to come. 

1.3. Explainable AI in MSA
DL has gained a foothold in contemporary multi-sensory analysis (MSA), producing extraordinary results and at the same time, being often branded as opaque black-box models. This non-disclosure of information hampers the establishment of trust in critical areas like healthcare, finance, and education, hence the requirement for Explainable AI (XAI) is very urgent. The aim of XAI is to make the interpretability of the models equal to that of their predictive ability, thus, allowing the users to see to what extent the different input modalities have contributed to the decisions made. A few of the major methods that XAI uses are attention visualizations, which indicate the pertinent text, image, or audio regions; SHAP which leverages game theory to apportion feature importance across modalities; LIME which constructs local surrogate models for explaining individual predictions; and gradient-based saliency maps which do the opposite of standard backpropagation by showing the influential input features of the prediction. The incorporation of the above-mentioned methods makes XAI a tool that not only supports but also wins MSA's trust, fairness, and accountability at the cost of accuracy. This complementarity makes the intelligent systems to be more clear-cut and trustworthy thereby eventually closing the gap of high-performance models to their ethically application in sensitive real-world scenarios. 

1.4. Research focus: Hybrid fusion with Explainable AI
Hybrid fusion techniques have come forth as a solution to the difficulties of multimodal sentiment analysis. Hybrid fusion permits us to merge the advantages of both feature-level fusion and decision-level fusion, at the same time allowing us to fuse complementary information across modalities at different levels of abstraction. Consequently, we can represent the intricate inter-modal relationships while sustaining the predictive power of solo modalities. Moreover, the combination of XAI methods with multimodal models has been acknowledged as of increasing importance [12]. XAI methods, such as attention methods, SHAP, LIME, and gradient-based saliency maps, reveal the extent to which modalities and features have influenced sentiment predictions. The added openness not only boosts reliability but also makes the technology suitable for application in real-life settings as a fundamental aspect.   
 Hybrid fusion and explainable AI to a great extent nullify the two fundamental problems of performance and interpretability that have greatly hindered the progress of multimodal sentiment analysis. The hybrid approach will eventually lead to the development of sentiment recognition models that are not only more trustworthy but also more transparent and easier to comprehend. Besides, AI techniques applied here would be more suitable to the needs of the entire AI community in terms of ethical and reliable AI, mainly in such areas where the demand for transparency and accountability is greatest.

2. LITERATURE REVIEW
A thorough literature review was conducted across several academic databases such as IEEE Xplore, PubMed, Scopus, Web of Science, and Google Scholar, which ensured that the review was comprehensive. The search was restricted to studies published in the time frame of 2023 to July 2025, thus including the most recent developments in emotion recognition. 
Sandeep Kumar Panda et al. (2023) [13] has come up with a speech-based emotion recognition framework that utilizes feature fusion with MFCC, ZCR, Mel Spectrogram, STFT, and RMS features. They conducted a study in which they tried out four methods of fusion and five classifiers. XGBoost was the only one that maintained its superiority, scoring 99.64% accuracy on TESS, 91% on SAVEE, and 86% on CREMA-D. Mijanur Palash et al. (2023)[14] unveiled EMERSK, a modular explainable multimodal emotion recognition system that integrates facial expressions, posture, and gait. The architecture implements attention-based CNNs for facial feature extraction and CNN-RNN (LSTM) for posture and gait analysis. The results were impressive with 96.73% accuracy for GroupWalk, 99.02% for GEMEP, and 80.01% for EWalk datasets. 
In a recent study, Muhammad Asif (2023) [15] suggested the implementation of a Hybrid Multimodal Emotion Recognition (H-MMER) framework that consists of multi-view learning with feature-level and decision-level fusion through GM functions. This system claims to be capable of recognizing four emotions—Happiness, Neutral, Sadness, Anger—with great precision. The experiments conducted reported a maximum accuracy of 98.19%, which is better than the traditional methods. Kinect v2, webcam, and microphone were used to collect data in 15-minute sessions per participant, thus confirming the validity of the method.
In a similar vein, Puneet et al (2023) [16] stated that their work suggested a multimodal emotion recognition system with the hybrid fusion of speech and images for discrete emotion classification. A new interpretability method based on the divide-and-conquer approach utilizing Shapley values is employed to spot the key features influencing the predictions. For the purpose of testing, a vast IIT-R SIER dataset consisting of speech, images, and labels (anger, happy, hate, sad) was created. The system was able to score 83.29% accuracy, thereby demonstrating the importance of integrating different modalities for the purpose of emotion recognition.
Dilnoza Mamieva and colleagues (2023) [17] developed a multimodal emotion recognition system that unites the facial features and the speech with an attention mechanism to provide better accuracy in comparison with unimodal methods. The system takes advantage of both time and spectral features in speech and employs convolutional neural networks (CNN) for facial feature extraction while seeking to avoid overfitting in order to be more generalizable. The model was tested on IEMOCAP and CMU-MOSEI giving 74.6% WA / 66.1% F1 and 80.7% WA / 73.7% F1 respectively, thus surpassing the performance of the existing models.
Shaun George Rajesh and co-authors (2025) [18] suggested a complete up-to-date multimodal emotion recognition (MER) method mainly relying on the combination of Facial Emotion Recognition (FER), Textual Emotion Recognition (TER), and the response generation by using a fine-tuned DialoGPT model. The FER model based on Vision Transformer (ViT) architecture realized 71% real-time accuracy on the AffectNet dataset, while TER used MiniLM with 59% validation accuracy. Through the integration of the outputs from the FER and TER, DialoGPT was enabled to generate the emotionally aligned responses which consequently increased the empathy and engagement in human–AI interactions. A comprehensive overview of the main characteristics from the survey which is covered in this paper is provided in Table 1. 

Table 1: Summarized key features

	Ref
	Focus Area
	Classifiers Used
	Datasets
	Conclusion

	[13]
	Speech-based emotional state recognition using feature fusion
	XGBoost, SVM, Random Forest, Decision Tree, KNN
	TESS (female), SAVEE (male), CREMA-D (mixed)
	Feature fusion significantly improves accuracy. XGBoost outperforms other classifiers, making it a reliable choice for emotion recognition.

	[14]
	Explainable Multimodal Emotion Recognition with Situational Knowledge (EMERSK) using facial expressions, posture, and gait
	CNNs, Encoder-Decoder Attention, CNN + RNN (LSTM)
	GroupWalk, GEMEP, EWalk
	Proving EMERSK’s superior and flexible multimodal emotion recognition capability.

	[15]
	Hybrid Multimodal Emotion Recognition (H-MMER) with multi-view learning and GM-based fusion (feature & decision level)
	GM Functions (fusion at feature & decision level)

	Multimodal dataset collected using Kinect v2, webcam, and microphone (~15 min sessions)

	Achieved accuracy across emotions (Happiness, Neutral, Sadness, Anger), showing significant improvement over traditional approaches.

	[16]
	Multimodal emotion recognition using hybrid fusion of speech and images 
	Hybrid fusion architecture + SHAP-based interpretability
	IIT-R SIER (speech + image, labeled with anger, happy, hate, sad)
	Showing that combining complementary speech and image features enhances recognition performance.

	[17]
	Multimodal emotion recognition integrating facial and speech features with attention mechanism
	Attention-based fusion, CNN for facial features, time & spectral modeling for speech

	IEMOCAP, CMU-MOSEI
	Outperforming existing models while reducing overfitting.

	[18]
	MER combining  FER, TER, and response generation
	ViT (FER), MiniLM (TER), fine-tuned DialoGPT (response generation)
	AffectNet (FER training)
	FER achieved real-time accuracy, TER achieved validation accuracy, and combined with DialoGPT produced emotionally aligned responses, enhancing empathy and engagement in interactions.



3. COMPREHENSIVE ANALYSIS OF EMOTION RECOGNITION  
Emotion recognition is one of the most significant areas of research in affective computing which aims to identify and classify human feelings automatically from several data sources. Emotions are a major factor that constitutes human communication and therefore they are important as they provide information about the decision-making process, behavior, and social interaction. Consequently, emotion recognition is a fundamental component of intelligent HCI, mental health evaluations, and adaptive user interfaces. Traditionally, emotion recognition involved detecting emotions from unimodal data types: alone, textual data, alone, speech data, and alone, visual data, but fails to capture the complexity and nuance of human emotional expressions in the real world.
This section demonstrates and discusses emotion recognition using four complementary perspectives: text-based emotion recognition, which relies on mood cues from the semantics and syntax of language; SER, which relies on prosody and acoustic features; visual cue-based recognition which relies upon facial expressions and micro-expressions; and hybrid multimodal recognition which integrates image, text, and speech features to normalize accuracy and improve robustness. We aim to demonstrate trends in strengths and weaknesses, broad performance trends of each modality, and promote the increased relevance of DL, attention mechanisms, and XAI as mechanisms to help promote reliability and better understandability.

3.1. Emotion Recognition from Text           
Detecting emotion from texts has emerged as an increasingly important area of study in NLP because of its applicability to areas such as sentiment analysis, customer feedback mining, social media monitoring, healthcare, and human-computer interaction [19]. Emotion recognition in texts by conventional methods was primarily based on a dictionary approach where the analysts manually mapped the emotional words to the prescribed categories. These approaches, however, had difficulty handling complex linguistic structures, negations, and contextual matters. The area of recognition of emotions in texts has experienced a transformation towards ML and DL based models that incorporate other types of data such as embeddings, syntactic features, and contextual dependencies, thus achieving higher prediction accuracy rates [20]. The purpose of this section is to analyze the latest breakthroughs in the field of emotion recognition in texts, to identify public datasets, and to provide a comparative performance analysis of methods in order to discover the weaknesses, strengths, and trends in text occasions of emotion recognition. 
Hasan et al [21] put forward a dimensional affect model that incorporated a soft classification approach for recognizing emotions in streams of text. They invented EmotexStream, a two-phase supervised process for the emotion detection and tracing of tweets in real-time. In addition to that, their technique also reveals the public sentiment movements and spikes in the online text streams. Ghanbari-Adivi et al. [22] came up with a new ensemble classifier for the no problem for very close and very far apart emotions in proper and improper sentences. Preprocessing based on NLP is utilized together with Doc2Vector for feature extraction and Tree-structured Parzen Estimator for the parameter tuning. Their technique has been tested on several benchmark datasets, and has shown very good results in classifying emotions. 
Batbaatar et al. [23] made a proposal named SENN (Semantic-Emotion Neural Network), which is a model that takes into account the semantic/syntactic and emotional aspects by virtue of pre-trained word embeddings. The framework has a BiLSTM sub-network for the capturing of the semantic context and a CNN sub-network for emotional feature extraction. When tested on real-life datasets, SENN was able to classify emotions based on Ekman’s six basic emotions with great success. Chowanda et al [24] carried out an extensive assessment of the machine learning algorithms employed in emotion recognition through text, emphasizing on the feature combinations having the lowest complexity or error rates and still being optimal. The analysis discovered the powerful model that was able to deliver the best overall performance with accuracy. 
Seal et al. [25] presented a new and efficient technique to recognize emotions through a pre-defined emotional keyword database, including emotional words, phrasal verbs, and negation handling. The ISEAR dataset which contains six basic emotions was used for evaluating this new method. Their approach outperformed recent techniques in the area of keyword-based emotion recognition. Sangeetha et al. [26] have come up with an ensemble LSTM model with attention layers where the multi-head attention processes the fine-grained embeddings thereby improving the emotion recognition. The information that is fused from the deep multi-layers is then passed into the LSTM which results in a performance gain over the conventional NLP methods. 
Lia et al. [27] have come up with a new technique where they use dimensional lexicon together with domain knowledge in order to produce word-level emotion distribution (WED) vectors. The WED vector can be connected to detailed emotion taxonomies with the calculated strengths. They came up with implicit and explicit schemas for the use of WED that resulted in an increase in classification accuracy in the ISEAR dataset. Sasidhar et al. [28] put forward a DL methodology for the detection of emotion in social media texts mixing Hindi and English. They gathered and prepared 12,000 sentences marked with emotions such as happy, sad, and anger, by using a bilingual pre-trained model that was re-trained on the corpus. Out of the models that were tried, the CNN-BiLSTM structure produced the highest performance.
These studies, in general, point to the advancements made in recognizing emotions through text, showcasing efficient the procedures for seizing the semantic, syntactic, and emotional signals from the textual data. Nonetheless, the limitations of such methods still include the handling of code-mixed languages, the subtle differentiation of emotions, dependency on predefined lexicons, and adaptability in real-time situations. Researchers in the future should concentrate on the creation of more generalized, context-aware, and computationally efficient models that can essentially solve these issues and thus, increase the accuracy of emotion recognition in various text areas. 

Table 2: Comparative performance of emotion recognition from text 

	Ref
	Methods
	Dataset(s)
	Key Features
	Performance
	Limitations

	 [21]
	EmotexStream (Supervised learning with soft classification)
	Twitter live streams
	Dimensional affect model, offline training + online classification, real-time tracking
	90% accuracy
	Limited to text streams; model may not generalize to multi-modal data

	[22]
	Ensemble of KNN, MLP, Decision Trees + TPE optimization
	ISEAR, OANC, CrowdFlower
	NLP preprocessing (tokenization, lemmatization), Doc2Vector features
	High accuracy on regular sentences; lower on irregular
	Performance drops on irregular sentence structures

	[23]
	SENN (BiLSTM + CNN)
	Standard real-world datasets
	Pre-trained embeddings, semantic + emotional sub-networks
	F1 score, Accuracy 75% 
	Limited to Ekman’s six emotions

	[24]
	Multiple ML algorithms (best: GLM)
	 Custom dataset
	Optimal feature combinations, low complexity models
	Precision, Recall, F1, Acc all 0.90
	Focus only on ML, excludes DL methods

	[25]
	Keyword-based emotion recognition
	ISEAR (7500 sentences)
	Emotional keyword & phrase matching, negation handling
	65% accuracy
	Lower accuracy, limited by keyword dependency

	[26]
	Ensemble LSTM with Attention + Multi-head embeddings
	Custom dataset (sentiment classes)
	GloVe & CoVe embeddings, attention fusion
	94% neg., 89% neutral, 93% positive
	Focused on polarity sentiments, not full emotion set

	[27]
	Word-level Emotion Distribution (WED) vectors
	ISEAR
	Domain lexicon + emotion intensities, implicit & explicit schema
	Accuracy 0.82%, F1 0.88%
	Improvements marginal; dependent on lexicon quality

	[28]
	CNN-BiLSTM
	12,000 Hindi-English code-mixed social media posts
	Bilingual pre-trained embeddings, code-mixed emotion recognition
	83% accuracy
	Language-specific, limited emotion categories (happy, sad, anger)



From Table 2, we see the evolution of text-based emotion recognition from keyword-based and classical ML approaches to advanced and sophisticated DL architectures.  Even though the keyword-based approach is very straightforward, it is still not very good at distinguishing the different emotions in a text due to the language's many levels. ML models like ensembles and GLMs are good at not only getting strong levels of performance but also being efficient. DL models get even better results since they use hybrid models like SENN and CNN-BiLSTM and deal with semantic, syntactic, and emotional features together. Figure 2 shows the accuracy scores published in different studies, thus giving a comparative picture of the performance of various emotional recognition techniques.   
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Figure 2: Graphical comparison of the accuracy performance of emotion recognition from text
Summary
The studies that have been reviewed indicate a common trend of moving from traditional rule and keyword-based methods to the use of DL and ensemble techniques as the most advanced means for text-based emotion recognition. Systems based on keywords were straightforward to build, but they suffered mainly from being very inaccurate and not being able to deal with complex or unusual sentences. ML techniques such as GLM, KNN, and DTs provide improved performance in classification as they make the most of the already-selected and reduced features through the use of various techniques. Among the DL models, BiLSTM, CNN-BiLSTM hybrids, and attention-enhanced LSTMs are the most efficient ones in terms of delivering high-quality results as they are able to perceive the contextual and emotional dependencies in text. Besides, we have ensemble frameworks, optimization methods like Tree-structured Parzen Estimator, and word-level emotion distribution vectors that are sharpening classification accuracy even more. Nonetheless, there still exist some issues in properly dealing with code-mixed and multilingual data, confronting low-resource emotion categories, and delivering strong performances in real-time which are considered to be the hardest challenges in this field. In sum, the research points at a distinct movement toward using mixed architectures that integrate semantic, syntactic, and emotive characteristics in order to get better precision and recall in the emotion recognition tasks. 

3.2. Emotion recognition from speech
SER has transitioned into a crucial research domain because of its large-scale usage in emotion recognition, HCI, affective computing, virtual assistants, and conversational robots [29]. The scholarly community has changed their perspective and researchers shifted their focus from shallow methods relying on manual feature engineering to DL techniques that are capable of automatically learning the most discriminable features from both raw and processed speech data. Emotion recognition in speech focuses on recognizing underlying emotional states, such as happiness, sadness, anger, fear, and neutrality, which drives further development of interactive systems with increasing levels of responsiveness and adaptability [30]. Closely related to this is speech-based sentiment analysis, which aims to infer affective polarity (positive, negative, or neutral) from vocal cues and is increasingly integrated into conversational AI and decision-support systems. More recently, literature has focused on the development of models that can learn both spatial and temporal dependencies in the speech signal, which are fundamental aspects that increase the performance of emotion classification and sentiment inference.
Puneet Kumar et al. [31] developed a multimodal speech emotion recognition (SER) system combining audio and textual features. Audio features were extracted using an attention-based GRU, while text features were obtained from a pre-trained BERT model, and then concatenated for final classification.  The suggested DL framework passed the IEMOCAP dataset test with great effectiveness. Divya et al. [32] did a comparative study of two DL architectures for SER: CNN-LSTM and CNN-Transformer encoder networks. Their method concentrated on the acquisition of spatial and temporal features for the purpose of raising the accuracy of emotion classification. The results of the experimentation on the RAVDESS dataset indicated that the CNN-Transformer encoder had better performance than the CNN-LSTM model.
Michael Norval and his collaborators [33] combined XAI methods like SHAP, LIME, and XGBoost in a SER framework for Afrikaans emotional speech. They designed a stacking model of an ensemble that unites CNN, CLSTM, and XGBoost simultaneously, to increase both interpretability and accuracy. Their model not only reveals how it makes decisions but also helps to build trust and increase acceptance of the model, especially for languages with less representation. Konstantinos et al. [34] executed six DL architectures like DBN, SDNN, LSTM, CNN, and their attention-boosted versions to solve SER. They made use of dropout and batch normalization as means to boost generalization and training efficiency. The results obtained from the SAVEE and RAVDESS databases indicated that the networks based on attention, especially CNN-ATN, were superior to the other models and also surpassed the existing state-of-the-art results. 
An innovative end-to-end SER architecture comprising Local Feature Learning Blocks (LFLBs) and parallel CNNs with different filter lengths was proposed by Jonathan Rintala et al. [35], followed by an LSTM layer for contextual learning. The model was tested on EmoDB and RAVDESS datasets in both speaker-dependent and independent scenarios. The results revealed that the model performed competitively with state-of-the-art methods, hence emphasizing the benefits of automatic feature learning without extensive pre-processing. Jaher Hassan et al. [36] worked on a compact deep neural ensemble model that merges CNN and CNN-BiLSTM for SER using both hand-crafted features and the basic ones. The model was trained rigorously with learning rate schedulers and regularization techniques to improve its performance and clarity, which was also backed by LIME explanations. The ensemble's performance was compared with five benchmark datasets, and it was found to have an edge over the individual and spectrogram-based models consistently. 
Akinpelu et al. [37] put forward a very efficient and lightweight SER model that used the VGGNet framework by combining Random Forest and MLP classifiers. Their method was primarily aimed at cutting down on computational complexity while still achieving high accuracy, so they used the MFCC features of multiple emotion classes. The model was tested on three datasets, and it beat even some of the most sophisticated DL methods, thus making it very suitable for low resource devices. Taiba Majid Wani and others [38] suggested a modified Deep Stride CNN (DSCNN) with a lower number of convolutional layers so as to speed up the computational process without affecting accuracy. The model was trained on the SAVEE dataset extracted spectrograms for the four emotions: angry, happy, neutral, and sad. The results of the experiment indicated that the DSCNN model had better classification performance than the CNN architecture in the baseline. 
Yash Ammanavar and colleagues [39] undertook a study that compared the application of MLP and CNN architectures for SER. The authors’ investigation was covering the areas of feature extraction, data processing, and model design, which allowed them to evaluate the performance of both approaches. The findings revealed that the MLP-CNN model was capable of illustrating the most considerable spatial hierarchy among the audio features, thus becoming particularly efficient in the task of emotion recognition. 
In general, these research works exhibit multiple paths through which the SER research sphere has developed into more complex, multimodal, and interpretable DL. Hybrid architectures based on CNN and RNNs such as LSTM and GRU, in addition to Transformer-based architectures, together with XAI have significantly improved accuracy and a degree of transparency in terms of the model used across single-benchmark datasets. Despite these improvements, challenges remain in robust generalization across datasets, as well as on noisy real-world data, and in getting the most performance, or research from optimal computational capacity (increasing generalizability for optimal performance), which leads to future work that aims to connect high accuracy, scale, and interpretability.

Table 3: Comparative Analysis of Emotion Recognition Studies from speech/audio

	Ref
	Model / Methodology
	Feature Extraction
	Dataset(s)
	Emotions Considered
	Accuracy / Performance

	[31]
	Multimodal SER: Attention-based GRU (Audio) + BERT (Text)
	Audio features + BERT embeddings
	IEMOCAP
	Multi-class emotions (Plutchik Wheel)
	WA: 71.7%, UWA: 75.0%

	[32]
	CNN-LSTM and CNN-Transformer Encoder
	Spectrogram-based features
	RAVDESS
	Neutral, Happy, Sad, Angry, Calm, Fear, Disgust, Surprise
	CNN-LSTM: 74%, CNN-Transformer: 82%

	[33]
	CNN + CLSTM + XGBoost (Ensemble) + XAI (SHAP & LIME)
	Log-Mel Spectrograms
	Afrikaans Speech Corpus
	8 emotions (Plutchik’s Wheel)
	Improved interpretability + High Accuracy

	[34]
	CNN, CNN-ATN, LSTM, LSTM-ATN, DBN, DNN
	Spectrograms
	SAVEE, RAVDESS
	Angry, Happy, Sad, Neutral, Fear
	CNN-ATN: 74% (SAVEE), 77% (RAVDESS)

	[35]
	Parallel CNNs + Local Feature Learning Blocks + LSTM
	Raw Audio (No manual feature extraction)
	EmoDB, RAVDESS
	Multiple emotions
	Speaker-Dependent: 63.71%, Speaker-Independent: 61.67%

	[36]
	CNN + BiLSTM Ensemble + LIME
	ZCR, RMSE, Chroma STFT, MFCC
	RAVDESS, TESS, SAVEE, CREMA-D, EmoDB
	Multi-class emotions across datasets
	RAVDESS: 97.57%, SAVEE: 98.43%, TESS: 100%, CREMA-D: 98.66%, EmoDB: 98.60

	[37]
	VGGNet + Random Forest + MLP
	MFCC
	TESS, EMO-DB, RAVDESS
	Sad, Angry, Happy, Surprise, Neutral, Disgust, Fear, Calm
	TESS: 100%, EMO-DB: 96%, RAVDESS: 86.25%

	[38]
	Deep Stride CNN (DSCNN)
	Spectrograms
	SAVEE
	Angry, Happy, Neutral, Sad
	DSCNN: 87.8%, CNN baseline: 79.4%

	[39]
	Hybrid MLP-CNN vs. CNN
	Spectrogram-based features
	Benchmark dataset (not specified)
	Multi-class emotions
	MLP-CNN: 86.4%, CNN: 81.52%



The comparative table 3 illustrates a discernable development of SER in more traditional CNN and LSTM systems to hybrid systems alongside traditional ensemble systems with multimodal dimensions that incorporate audio and text features. Ensemble models CNN-BiLSTM + LIME, VGGNet + RF + MLP, both achieved near-perfect performance across representative datasets, showcasing both systems as being robust. Attention mechanisms and transformers also enhance performance by better capturing complex temporal dependencies. Higher performance in lightweight yet accurate models, such as DSCNN and hybrid MLP-CNN, supports insights into the potential direction of lower complexity marketing research in SER due to real-time applications. Furthermore, the integration of Explainable AI has established the initial steps toward generating transparent and interpretable SER systems conducive to less-resourced or developed languages. Figure 3 presents the graphical representation derived from the survey table for SER.
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Figure 3: Graphical comparison of accuracy performance of emotion recognition from speech


Summary 
Research in SER has progressed rapidly with advances in deep learning, moving away from feature-engineering-based pipelines toward hybrid, ensemble, and multimodal architectures. Surveyed works consistently show that combining spatial feature extractors (e.g., CNNs) with temporal models (LSTM/GRU/Transformers) improves classification performance; for example, Divya et al. and Konstantinos et al. employ attention-augmented transformer encoders to better capture temporal dependencies in emotional speech. Beyond categorical emotion classification, related research on speech-based sentiment analysis has emerged in parallel, focusing on polarity recognition (positive/negative/neutral) to support downstream applications such as conversational AI and decision support. Multimodal frameworks that fuse audio and text, such as those proposed by Puneet Kumar et al., further improve prediction accuracy by exploiting complementary affective cues beneficial to both emotion recognition and sentiment inference. The ensemble models developed by Jaher Hassan et al. and Samson et al. managed to get almost perfect scores in the evaluation datasets (RAVDESS, SAVEE, TESS), which is a clear sign of the advantage of using several optimally tuned classifiers in combination. Regarding major deployment issues, including methods for the distillation and compression, the DSCNN and MLP-CNN solutions of Taiba et al. and Yash et al. give lightweight but still very effective SER models that are suited for edge environments with limited resources. Recently, XAI techniques such as SHAP and LIME have been adopted by Michael Norval et al. to inject interpretability into SER pipelines, enhancing not only the transparency but also the trust of the systems that the users interact with. To sum up, present studies are moving towards models that are accurate, interpretable, efficient, and practically deployable at the same time, thus pushing the frontiers of affective computing, sentiment-aware conversational AI, and real HCI deployment. 

3.3. Emotion recognition from visual cues
Using visual information for emotion detection is an important aspect of affective computing that allows natural human-computer interaction through the analysis of facial expressions, which are considered to be one of the most expressive signs of emotion [40]. The development of deep learning and attention mechanisms has improved the recognition of subtle and fleeting emotional cues in images and videos. At the same time, visual sentiment analysis has progressed to be seen as a complementary research direction, which deduces affective polarity (positive, negative or neutral) based on facial or scene-level visual cues, and it has been applied in content moderation, user profiling, and social media analytics. Furthermore, XAI techniques have made it easier to understand the models, and this has led to the trust and the subsequent use of such models being implemented in sensitive areas. This survey outlines the recent advancements in visual emotion recognition and sentiment-aware models, including datasets that can be accessed publicly, deep learning architectures, interpretability methods, and performance benchmarks, and it also provides insights into the current challenges and future research directions. 
Manish Rathod and his colleagues [41] have come up with a framework for children’s emotion recognition using facial cues mixed with an XAI reasoning model. They have made use of two different datasets: the LIRIS Children Spontaneous Facial Expression Database and their own dataset of children's emotions, which also pointed out the differences in the facial expressions of children and adults. The experiment was based on 3D landmark-based variations of the dataset, the performance of different CNN models was assessed, and XAI has shown how the models understand and localize the features which are important for the perception of specific emotions. Syed Taimoor Hussain and co-authors [42] proposed DL framework with an XAI module for emotion recognition in video data using RAVDESS dataset. The methodology involves creating 3D facial landmarks, region of interest extraction, data augmentation, and a fine-tuned Xception model for feature extraction, followed by classification with various ML algorithms. XAI tools such as Grad-CAM, LIME, and SHAP give the interpretation by marking the important facial and time features that have an influence on the prediction. 
Diego Caballero and his colleagues [43] introduced a driver monitoring system that combined CNN-based deep learning models with XAI for emotion and drowsiness detection. In the research work, the FER-2013 dataset was chosen for emotion classification and UTA-RLDD for drowsiness detection, whereas XAI made the model’s decision-making process transparent. What they discovered is that facial expressions, emotional states, and even minute drowsiness cues are closely interrelated, which might turn out to be great help in developing more effective and interpretable driver monitoring systems. Similarly, Francesco Di Luzio et al. [44] used explainable AI methods for binary deep neural architectures in video-based emotion recognition. The main aim of the study was to improve facial landmark inputs by applying an advanced Integrated Gradients technique so as to boost classifier performance through discarding noisy or irrelevant features. Their method not only illustrates the role of explainability in feature selection but also leads to an enhancement of both the accuracy and interpretability of models for automated emotion recognition based on DL. 
Harish and colleagues [45] developed a real-time emotion recognition framework that integrated CNNs based on TensorFlow for emotion classification with YOLOv10 for accurate face recognition. The system is equipped with XAI method such as Grad-CAM to show which facial features were most influential for the prediction, thereby increasing the interpretability of the model. Based on the FER2013 dataset, the framework was skilled in handling a wide range of facial expressions and was designed for mental health monitoring, adaptive interfaces, and customer engagement applications, not to mention the difficulties posed by the subtle emotions detection problem. Tanuja Ramdas and her team [46] created a system for real-time emotion and disorder recognition that leveraged YOLOv11, which had been trained on very large datasets like AffectNet that included seven main emotions. The proposed architecture uses preprocessing, data augmentation, and the adoption of multi-component loss functions with optimized parameters to facilitate performance upgrade, while XAI techniques such as occlusion sensitivity maps provide interpretability by showcasing the facial areas that are crucial for emotion recognition, thus building up the trust and reliability in the practical applications. 
Researchers Yogesh Rochlani et al. [47] have come up with a hybrid learning framework by blending DL and ML models for the visual recognition of facial emotions in videos containing speech. The method entails the use of a pre-trained ResNet-101 for extracting features and then the classifiers are evaluated in terms of predicting the emotions. The experiments conducted with the RAVDESS dataset show that the hybrid model not only improves accuracy but also offers robustness, thus revealing its potential in various fields such as healthcare, education, and HCI. Another set of researchers, Atharv Indurkar et al. [48] have looked into the use of CNNs for facial emotion recognition from both images and videos. Their work describes the preprocessing methods, CNN architectures, and training on standard datasets such as FER-2013, and further performance evaluation through measurement of metrics. The experiment results affirm the ability of CNNs to pick up even the most subtle facial cues and at the same time, they are reported to have provided a higher degree of recognition accuracy than the traditional machine-learning approaches. Moreover, the discussion implies that the challenges have not been completely overcome yet and points to the need for future directions for real-world emotion recognition applications. 
Very recently, an improved FER method was put forward by Nuoya Liu and co-authors [49], who made use of an optimized CNN enhanced by an attention mechanism to isolate relevant face areas and put strong data augmentation methods into practice. The FER-2013 dataset testing uncovered a marked performance increase especially in the case of the harder emotions recognition like the veil of happiness or surprise and the quietest subtle ones. The applications of the research results were stated to be in the fields of human-computer interaction, security, and psychological research, while future work is anticipated to focus on overcoming the hindrances of robustness in challenging datasets and real-life scenarios. 

Table 4: Comparative analysis for emotion recognition using facial/images

	Ref
	Dataset(s) Used
	Techniques / Models
	Key Features
	Performance Metrics

	[41]
	LIRIS Children Spontaneous Facial Expression DB, Authors’ Novel Dataset
	Seven CNN models + Explainable AI (XAI)
	3D 468 landmark points, created LIRIS-Mesh & Authors-Mesh datasets for better representation
	Achieved highest accuracy on both datasets 90.98%; improved recognition of children’s facial emotions

	[42]
	RAVDESS
	Fine-tuned Xception + SVM, KNN, Ensemble, ANN
	3D Face Mesh (478 landmarks), ROI extraction, Augmentation
	Fine Gaussian SVM achieved 93.87% accuracy, Precision 94.06%, Recall 93.79%, F1-Score 93.93%

	[43]
	FER-2013 (Emotion), UTA-RLDD (Drowsiness)
	CNN-based Driver Monitoring + XAI
	Joint emotion & drowsiness recognition, subtle facial cues analysis
	Highest accuracy observed for Happy (0.86) and Surprise (0.82) classes

	[44]
	Custom Landmark Dataset
	Binary DNN + Improved Integrated Gradients
	Landmark optimization to remove noisy inputs, explainability-guided feature selection
	Benchmark results: Linear SVM – Anger: 0.85, Fear: 0.95, Disgust: 0.78, Happiness: 0.97, Sadness: 0.75, Surprise: 0.99; RBF-SVM – Anger: 0.84, Fear: 0.95, Disgust: 0.74, Happiness: 0.98, Sadness: 0.79, Surprise: 1.00

	[45]
	FER-2013
	CNN + YOLOv10 + Grad-CAM
	Real-time face recognition and classification, interpretable Grad-CAM maps
	Reported robust accuracy and good interpretability for dynamic expressions

	[46]
	AffectNet
	YOLOv11 + Multi-Loss Function + Occlusion Sensitivity
	Resizing, Normalization, Augmentation for improved quality
	High precision & recall; interpretable results with highlighted facial regions

	[47]
	RAVDESS
	ResNet-101 + RDF, DTB, SVM
	Hybrid Deep CNN feature extraction + ML classifiers
	Hybrid Deep CNN + RDF achieved 92.50% accuracy, outperforming state-of-the-art models

	[48]
	FER-2013
	Advanced CNN architectures
	Preprocessing (Face recognition, alignment, normalization)
	Accuracy: 62% (FER-2013); also reported improved precision, recall, and F1-score over ML baselines

	[49]
	FER-2013
	Optimized CNN + Attention Mechanism
	Focused on relevant facial regions, extensive augmentation
	Accuracy significantly improved; Happiness: 93.2%, Surprise: 90.7%; robust for subtle expressions



From Table 4, it is evident that recent research efforts have significantly advanced image-based emotion recognition by integrating DL, hybrid learning, and explainable AI techniques. Approaches that are considered include models based on CNNs, architectures with enhanced attention, and hybrid deep machine learning methods, as well as systems for real-time recognition based on YOLO. The performance metrics as reported in these studies indicate considerable improvements, with some of the models, particularly in the area of recognition of feelings like happiness and surprise, able to reach an accuracy level of more than 90%. All of these studies together reveal the trend of increasing focus on both performance and interpretability, which are prerequisites for the implementation of emotion recognition systems in various sectors like healthcare, driver monitoring, education, and human–computer interaction. The performance details comparison of the emotion recognition through image/video frames is shown in Figure 4. 
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Figure 4: Graphical comparison of the accuracy performance of emotion recognition from image/video frames

Summary
One of the main research areas is the use of facial images to recognize human emotions, which is a very important one because of the numerous applications in mental health monitoring, adaptive learning systems, security surveillance, and interactive user interfaces. The modern research has moved away from the conventional feature extraction methods and has switched over to the DL methods that are not only capable of making such selection but also doing it in a very robust and discriminative way directly from the data. The current research is mainly focused on CNNs, attention mechanisms, and hybrid deep machine learning models, which are further supported by the availability of large benchmark datasets like FER-2013, AffectNet, and RAVDESS. At the same time, visual sentiment analysis, which predicts affective polarity (positive, negative, or neutral) from either facial or scene-level cues, is becoming increasingly popular as a supportive task for applications in media analytics, recommendation systems, and social computing. Moreover, the performance of these approaches has already been shown to be superior in the detection of very fine and spontaneous facial expressions, and at the same time the explainable AI techniques have improved the interpretability and the trust factors by showing the regions that were influential in the prediction. Despite these advances, challenges remain in handling class imbalance, cross-dataset generalization, and real-time deployment in unconstrained environments. Future research should focus on developing lightweight, interpretable, sentiment-aware, and domain-adaptive models that maintain high accuracy while being computationally efficient for practical, real-world use.

3.4. Hybrid Multimodal Emotion Recognition: Integrating Audio, Visual, and Textual Features
ER is a significant research field in artificial intelligence by allowing systems to detect and interpret human emotion across a variety of application domains. Conventional approaches involved unimodal ER but would struggle to detect more complex, nuanced human emotion using isolated data sources (i.e, audio, text and visual data) [50]. The problem of unimodal approaches is greatly exposed in noisy, real-world situations and cultural diversity. 
Recently, the literature has looked at new multimodal and hybrid forms of ER using models that offer multiple data modalities, more complex deep learning architectures and new attention-based techniques for use in feature extraction, feature fusion, and classification [51]. Moreover, work in XAI has further added to the expected benefits of these new paradigms in emotion prediction through the use of transparent, interpretable, and fair emotion predictions. This review focuses on the literature surrounding hybrid and multimodal ER approaches, including summaries of their fusions approaches, performance improvement, interpretability strategies, and usefulness in practical real-world scenario. 
Puneet Kumar et al. [52] developed a multimodal ER framework that integrates audio and textual modalities to improve emotion classification. Audio features were extracted using an attention-based GRU, while textual features were derived from a pre-trained BERT model, and the two were concatenated for final prediction. Moreover the study gave both qualitative and quantitative analyses of the behavior of the network through the visualization of emotion embeddings and the evaluation of the intersection matrix, thus providing important insights into model interpretability and decision-making.  
Mustaqeem Khan et al. [53] introduced MemoCMT, a cutting-edge framework for emotion recognition based on cross-modal transformer (CMT) technique that cleverly combines the auditory features from HuBERT with the textual features from BERT. The system is capable of discerning the local and global context by taking advantage of different fusion methods for its final decision. Their strategy was very much successful in gaining and maintaining the confidence of the users, therefore; it is accepted for use in the industrial sector.
Diego Resende et al. [54] hybrid proposed a framework combining SER and SA to dive into deeper emotional states. The method fuses traditional ML models and DL architectures such as 1D-CNN and BERT/GPT-2-based sentiment models, with a continuous dynamic Bayesian mixture model (DBMM) for better classification, through the explicit use of an extended dynamic Bayesian mixture model (DBMM). A new two-layer DBMM (2L-DBMM) was proposed for multimodal fusion which can bring out fine-grained emotion recognition and shows its usability in areas like mental health evaluation, human-robot interaction, and cross-cultural communication. 
The system presented by Sahan Hewage and his colleagues [55] is a hybrid emotion recognition system that integrates DL, NLP, and LLMs techniques to analyze both audio and text data for better customer interactions in call centers. The system employs LSTM and CNN for acoustic analysis and DistilBERT for textual sentiment interpretation, thus allowing the identification of emotions that are strong, fast, and culturally adapted. The performance tests on different datasets proved its capacity to convey more nuanced, human-like communication, thus winning over the traditional baseline systems, revealing its use in fostering personalization and increasing the efficiency of the customer service department.
A new method of the Deep Multi-View Attentive Network (DMVAN) for the classification of multimodal sentiments and emotions was reported by Israa Khalaf and co-authors [56]. The model combines visual and textual features in three stages: feature learning, attentive interaction learning, and cross-modal fusion learning, where multi-headed attention is used to make a strong joint representation. A multi-layer perceptron (MLP) is then utilized for deep fusion of modal features so that classification accuracy can be increased. Moreover, LIME is used in the framework to provide interpretability. The method proved to be very effective when tested on different real-world datasets, thus, demonstrating its capability of gathering complementary information from image-text modalities. 
Shoaib et al. [57] come up with UMSA, a framework for Urdu video reviews where sentiment can be classified and emotion recognized. The researchers built the Urdu Sentiments Dataset (USD) and employed a two-step method that was fusing early with voting across the three modalities of audio, text, and image frames. The methods applied were LSTM and Random Forest for audio, Logistic Regression and BERT for text, and CNN with Random Forest for frames. The integration of the multiple modalities resulted in a substantial rise of the sentiment classification and thus the cross-modal interaction was proved to be valuable in the case of low-resource languages, Urdu in particular, and was further encouraged by the fact that they longed for the test to be more challenging as they were referring to languages that were less supported by resources. 
Lorenzaj Harris et al. [58] showed the multimodal emotion recognition in their article as a vital factor for the development of human-computer interaction systems with emotions. The authors pointed out that the strongest point of the unimodal systems is their limitations while the most important point of the tri-modal systems is their capability to integrate visuals, acoustics, and texts to understand emotions better. They presented the idea of how visuals, sounds, and texts can be used to tell the subtle emotional states like sarcasm or mixed feelings. The work then discussed several aspects of the fusion strategies (early, late, and hybrid) and the state-of-the-art DL models like CNNs, LSTMs, and transformers used for combining the modalities. 
Babatunde Akande et al. [59] put forward a multimodal deep learning framework which makes use of text, sound, and image together for better recognition of emotions, and also for more robust systems. They used a BERT-based encoder for text, a CNN-LSTM combination for speech features, and a ResNet-based setup for image processing. The model was trained and tested on the IEMOCAP dataset, and it was found that the fusion of multiple modalities is the significant reason that the system beats others based on single modality during emotion classification.
An optimized transformer-based multimodal emotion recognition framework was proposed by Adel A. Alyoubi et al. [60] that utilized the MELD dataset, and combined text, speech, and facial expression characteristics. Text embeddings were generated by BERT/RoBERTa, speech features by wav2vec 2.0, and visual features by ResNet50/VGG16, and they were united through a cross-modal attention mechanism. Hyperparameter optimization was applied for accuracy and generalization enhancement, and SHAP method was used to provide model interpretability by identifying the most important contributing features. The results indicated that the suggested framework achieved higher performance than the traditional models, thus proving its quality and openness for emotional recognition tasks that are pretty close to reality.
Giddaluru Hari Krishna and his team [61] came up with a sophisticated XAI-assisted multimodal emotion recognition framework that aimed at shutting down the limitations of unimodal systems. The proposed system merges text, sound, and video data to increase the accuracy of the predictions while using various XAI methods such as LIME, SHAP, and Grad-CAM to make the system more interpretable and transparent. This very same method brings about fairness improvements, bias reduction and trust enhancements in emotion classification results. The proposed system is considered to be quite a strong candidate for applications in mental health assessments, HCI and customer service areas where both accuracy and explainability are especially required. 
Abeeb Opeyemi Alabia and his coworkers [62] have created a multi-model framework to investigate the emotions induced by the sound through the use of various methods including subjective ratings, psychoacoustic modeling, interpretable DL, and FER. The framework made it possible to isolate the most important psychoacoustic features that affect emotional states and to apply FER with attention mechanisms to monitor the emotional transitions. The correlation analysis showed the presence of stable patterns that connected the psychoacoustic features to the emotions and thus supported them as the trustworthy predictors. The analysis gives an idea that interpretable AI and FER could be developed to serve as efficient, non-intrusive tools for emotion recognition and to create intelligent, emotion-aware systems. Aaishwarya Khalane and her colleagues [63] underlined the necessity of deep learning model interpretability for the emotion recognition task, especially when operating with vast multimodal datasets like CMU-MOSEI. The Gradient SHAP method has been used in the study to determine the most important features in the audio, video, and text modalities altogether, resulting in smaller feature models. The performance of these reduced-feature models was found to be similar to or even better than that of the full-feature models and the baseline GraphMFN, although they have been using much fewer features. It has been pointed out that XAI can contribute to the enhancement of both the efficiency and interpretability of the multimodal emotion recognition systems. The evaluated papers prove that hybrid multimodal emotion recognition frameworks that utilize text, audio, and visual methods together considerably enhance the classification accuracy, robustness, and generalization of different datasets. Moreover, by taking care of the biases and increasing the XAI techniques such as LIME, SHAP, Grad-CAM, and attention visualization applied to the model they provide the model with interpretability, transparency, and trust.

Table 5: Comparative analysis for emotion recognition using hybrid features

	Ref 
	Modalities Used
	Techniques  
	Fusion / XAI Approach
	Key Contribution  
	Performance / Dataset

	 [52]
	Audio + Text + Video
	Multimodal DL pipeline combining CNN, LSTM, and BERT
	Early & late fusion strategies
	Achieved improved accuracy over unimodal baselines.
	Accuracy 90% + on multimodal benchmark datasets (IEMOCAP).

	[53]
	Audio + Text + Video
	Transformer-based fusion network
	Cross-modal attention mechanism
	Outperformed traditional ML models on emotion classification.
	MELD, CMU-MOSEI – Higher F1-score compared to unimodal.

	[54]
	Audio + Video
	Hybrid CNN-LSTM for audio, 3D CNN for video
	Late fusion
	Showed robust performance for real-time HCI applications.
	Accuracy 85% on RAVDESS & SAVEE datasets.

	[55]
	Audio + Text
	LSTM + CNN for audio, DistilBERT for text
	Multimodal fusion with cultural adaptation
	Robust cross-cultural emotion recognition.
	SAVEE (92.3%), CREMA-D (91.7%), RAVDESS (94.1%).

	[56]
	Audio + Text + Video
	Deep Multi-View Attentive Network (DMVAN)
	Hybrid attention mechanism
	Captures region-scene + word-sentence-document-level features.
	BG: 99.80%, Twitter: 96.86%, EMO-G: 96.17%.

	[57]
	Audio + Text + Frames
	LSTM + RF (audio), Logistic Regression + BERT (text), RF + CNN (frames)
	Early fusion + ensemble modeling
	Created USD dataset and achieved   accuracy.
	Accuracy 80% on USD (Urdu Sentiment Dataset).

	[58]
	Audio + Text + Video
	CNN, LSTM, Transformer pipelines
	Early, late, and hybrid fusion techniques
	Review highlights importance of multimodal fusion & challenges.
	Accuracy – 75%

	[59]
	Audio + Text + Video
	CNN-LSTM (speech), ResNet (faces), BERT encoder (text)
	Multimodal fusion on IEMOCAP
	Proved multimodal fusion superior to unimodal baselines.
	Achieved significant boost on IEMOCAP 

	[60]
	Audio + Text + Video
	BERT/RoBERTa (text), wav2vec 2.0 (speech), ResNet/VGG16 (faces)
	Transformer-based cross-modal attention + SHAP
	Enhanced explainability with SHAP feature importance.
	SOTA results on MELD

	[61]
	Audio + Text + Video
	Multimodal classifier integrating XAI (LIME, SHAP, Grad-CAM)
	Explainable AI framework
	Increased fairness, reduced bias, and improved interpretability.
	Accuracy improvement over unimodal models

	[62]
	Audio + FER (Video)
	Psychoacoustic DNN + CNN with self-attention FER model
	LIME-based feature interpretation
	Validated psychoacoustic features as emotion predictors.
	Achieved 90% accuracy on FER datasets 

	[63]
	Audio + Text + Video
	Gradient SHAP-based feature reduction with deep learning models
	Reduced feature models (97.5% smaller)
	Comparable or better than all-feature & GraphMFN models.
	83.3% analyses showed better performance on CMU-MOSEI.



Table 5 presents recent research on hybrid multimodal emotion recognition, emphasizing the integration of audio, text, and visual modalities. Most research works utilize deep learning approaches that consist of a combination of CNNs, LSTMs, and transformer-based architectures for feature extraction across different modalities. Some reviews merely mention the challenges and the future possibilities of multimodal systems; others point out the need for explainability and feature optimization by means of LIME, SHAP, and psychoacoustic interpretation to guarantee transparency, fairness, and trustworthiness. In contrast to sentiment analysis that mainly delineates polarity (positive, negative, neutral), multimodal ER takes a more refined approach by considering the emotional states and the contextual nuances thus making it more appropriate for the interactive and human-centered systems. To sum up, consistently, multimodal fusion methods are better than unimodal systems due to their ability to catch the complementary emotional signals from different modalities. The text, video, and audio modalities' graphical comparison of the hybrid feature-based approaches and their overall performance trends are shown in Figure 5. 
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Figure 5: Comparative Accuracy Performance of Hybrid MER Models across Different Authors and Datasets

Summary
The most important factor in multimodal emotion recognition (MER) is the combination of different modalities, which include audio, text and visual data among others. This alliance in the future will yield more precise, and robust inference of affect which is even interpretable. Puneet Kumar and the co-authors Kahn, Mustaqeem and others presented the success of attention-based methods such as GRU and transformer architectures in fusing together audio and text inputs, which led to better classification. The works of Diego Resende, Sahan Hewage, Israa Khalaf, et al. were based on the same idea of gradual-ML- deep learning- attention mechanism which for classical provision felt very difficult emotion states to the area of mental health assessment, HCI systems, and customer service automation. Shoaib and Harris shook hands over the loud but identified low-resource languages and those very subtle moments for the detection of affective cues such as sarcasm and sentiment mixing, thus pointing out the role of sentiment analysis as a complementary layer alongside categorical emotion recognition. Akande, Alyoubi, and Krishna were among the group who made explicit the benefits derived from the simultaneous use of visual, acoustic, and textual signals in their application of deep learning architectures and XAI techniques like LIME, SHAP, and Grad-CAM for interpretability, transparency, and fairness. Researchers Alabia and Khalane came to a similar conclusion proving psychoacoustic modeling, feature optimization, and interpretability frameworks could cut down on model complexity yet still offer the same or even better performance. Training systems in different upsides, these works indicate a clear paradigm shift towards hybrid, sentiment-aware, multimodal, and interpretable ER systems among others, which might soon be witnessed in real-world applications where both accuracy and explainability are vital. 

4. DISCUSSION
The literature under review points to a pivotal transition from single-modality ER techniques to hybrid and multimodal systems that are able to detect complex emotional states in realistic environments. The fusion of different modalities, which include text, audio, and video, leads to a continuous improvement in the accuracy, robustness, and generalization of classification. Deep learning schemes, like CNN–LSTM architectures, transformer-based fusion networks, and attention-driven models, allow the creation of rich feature representations and support detailed emotional inference. Hybrid fusion approaches that merge early and late fusion show better performance by jointly representing cross-modal interactions yet maintaining prediction stability. Sentiment analysis still mainly identifies only coarse affective polarity (positive, negative, neutral), while multimodal ER distinguishes and targets more subtle and discrete emotional states, thus being more appropriate for context-aware HCI. All in all, these developments reaffirm that multimodal ER systems give a more human-like, context-aware, and reliable understanding of emotions compared to traditional unimodal methods. 
The increased use of XAI to make deep learning models more understandable is another aspect that stands out. Transparency is enhanced through the use of methods like SHAP, LIME and Grad-CAM, which show the individual features and modalities that contributed to the final decisions. This kind of interpretability is a must for the mentioned high-stakes areas of healthcare, education and customer service, where trust, accountability and fairness are essential and cannot be compromised. Moreover, there are studies that demonstrate the ability of XAI to assist in feature selection and model pruning, thus resulting in a decrease of computational cost without any performance loss. All together, these results indicate that the hybrid multimodal ER systems enriched with XAI are not just more accurate but also more transparent, ready for deployment and suitable for sensitive, real-time human-computer communication scenarios. 

5. CONCLUSION
The present analysis paper has delivered an all-encompassing review of the recent progress in hybrid multimodal ER systems with a particular focus on the combination of audio, text, and visual modalities together with XAI methods. Our results corroborate the primary point made in the abstract that fusion of modalities strategies, especially case of hybrid ones combining early and late fusion, yield marked improvements in the respects of classification accuracy, robustness, and generalization as compared to unimodal systems. Generally, sentiment analysis determines the polarity of the expressed feeling (positive/negative/neutral), whereas multimodal ER has a more discriminating way of listening to emotions, making it more apt for context-aware interactive systems where subtlety is of utmost importance. Furthermore, using XAI methods like LIME, SHAP, and Grad-CAM certainly helps in the areas of interpretability, transparency, and fairness thus tackling the "black-box" challenge that is often posed by deep learning models. A comparison study of the best frameworks in the field have shown that the designs that make use of CNNs, LSTMs, transformers, and attention mechanisms have always been ahead of the conventional models in terms of performance while also giving the researchers the ability to uncover the reasons behind the models’ predictions. The coexistence of multimodal fusion and interpretability leads to an assumption that these systems are highly suitable for the adoption in various real-world applications such as HCI, customer service, mental health monitoring, and adaptive learning. One of the directions for future research can be the advancement of XAI techniques for multimodal ER so as to enable more fine-grained and modality-specific explanations that will in turn foster user trust and system transparency.  Developing lightweight, real-time, interpretable models and standardizing evaluation metrics for explainability will be critical for ethical deployment in sensitive domains.
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