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ARTICLE INFO ABSTRACT

Emotion-aware human computer interaction is the natural and flexible Human Computer In-
teraction (HCI) to perceive and consider human emotion responses in the computation. Few 
recent successes in deep learning have resulted in an increased emotion recognition accuracy 
but, mostly the emotion-aware HCI systems are limited to poor robustness in practical scenar-
ios and lack of interpretability at the decision level, thus limiting their adoption for practical 
applications. This work defines the problem of robust and transparent emotion recognition by 
designing an explainable modality-adaptive multimodal deep learning framework, capable of 
fusing multiple input modalities such as facial expressions, speech and physiological respons-
es. The emotion perception framework employs a set of deep neural models to perform spa-
tial–temporal feature extraction and introduces a set of neural architecture designs, namely, 
Modality-Adaptive Attention Fusion Module (MAAFM) mechanism to adaptively fuse the 
modalities based on modality qualities and contextual information. Further, for interpretabil-
ity, the knowledge at the modality level and at the fusion level is extracted through various 
shallow modules at the feature- and the fusion-level respectively, which provides transparency 
towards how each modality affects the inference. The proposed framework is evaluated over 
benchmark datasets for visual, audio and physiological modalities and reports an overall emo-
tion recognition accuracy of 92.4 %, F1-score of 0.91, and area under the receiver operating 
characteristic curve of 0.97, while preserving a low inference latency for interactive applica-
tions. The approach provides improved robustness, transparency and applicability. The key 
innovation of this work is the focus on the attention not only as a performance tool but also 
as an explicit source of interpretation of the modality contributions at the fusion level that 
advances existing emotion recognition approaches.
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INTRODUCTION

Background and Motivation
Emotion recognition as part of next-generation 

human-computer interaction systems capability will allow 
computers to not only perceive, and recognize emotion of 
a human, but also react to the emotion in a way humans 
would in a social situation. Interactions of previous genera-
tions of human-computer interaction system were based on 
the explicit interaction modalities such as typed command, 
or speech input, thus did not have the means to detect the 
implicit component of the human interaction with a sys-
tem. On the other hand, emotion-enabled computer human 
interaction systems seek to infer emotion from expressive 
cues provided by the human via speech, facial expressions 
as well as body language [1].

Different inputs such as face, speech, and physiological 
signal are encoded in dedicated modality encoding mod-
ule, and fused in the proposed modality-adaptive attention 
fusion module (MAAFM). Both feature-level explanation 
and fusion-level explanation are conducted in the Multi-
Level Explainability Module before final adaptive system 
response [2].

The significance of emotion-aware interaction is 
thus very high, far beyond technical affective computing 
research. For example, in adaptive learning systems, auto-
matic emotion detection can be used to automatically rec-
ognize interest, confusion, frustration, or engagement, to 
adapt the system to what is sensed in real-time [3]. In health 
monitoring and medical applications, monitoring the pat-
terns of emotional behaviors can assist in early detection of 
stress-related problems through unobtrusive sensing, and 
assistive interfaces for the elderly or persons with disabili-
ties can adapt to their affective states for improved comfort 
and usability.

Unimodal approaches to emotion recognition were 
developed initially and determine emotional affect 
states from a singular source - facial expressions, speech, 

physiological signals. Whilst on occassion they produce 
excellent results in isolated controlled environments, uni-
modal methods lack robustness in real-life situations. 
Facial features can be occluded or neutral, speech recogni-
tion systems are target dependent and susceptible to noise 
and cultural influences, physiological sensing is intrusive 
and lacks context [4, 5]. This lack of robustness compro-
mises generalisation.

In the last several years, deep learning has contrib-
uted to advances in emotion recognition through learning 
of features from extensive sensory data, but the model of 
human-like understanding calls for a synthesis of visual, 
auditory and physiological cues. Multimodal deep learning 
has been proposed to provide this multisensory integration 
for better accuracy, contextual sensitivity, and robustness to 
noise. However, growing levels of complexity in deep mod-
els of behaviour pose significant challenges of robustness, 
explainability and real-time suitability for human-com-
puter interaction in different situations with different users, 
environments, and emotional strengths [6, 7].

Figure 1 shows an example of a user whose emotion 
is detected by sensing the different axes involved in an 
interaction in a computer/robot (facial expression, voice, 
physiological sensors). Each sensor modality is modeled 
independently using deep networks (Convolutional Neural 
Network (CNN) for vision, Bidirectional Long Short-
Term Memory (BiLSTM) for audio, and Long Short-Term 
Memory (LSTM) for physiological signals) and then com-
bined into one fusion layer [8]. The fused features are then 
passed through an explainability analysis (SHAP or Grad-
CAM) before the responsive information (emotion-based 
feedback, interface change, speech output) is provided.

Research Gap
Despite impressive performance advances, numer-

ous essential issues still need to be addressed before mul-
timodal emotion recognition systems can be practical. 
Many top-performing models, including those based on 

Figure 1. Conceptual overview of the modality-adaptive multimodal emotion recognition framework.
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deep learning such as convolutional, recurrent, and trans-
former-based models, focus on predictive accuracy and are 
largely unexplainable. Their lack of explainability, however, 
hampers user trust and provider accountability and raises 
ethical issues, especially when used in domains like educa-
tion, health care, and mental health [9].

A third drawback of these approaches is the absence of 
dynamic fusion schemes that can adapt to the different lev-
els of input noise as well as occlusion. Many recognition 
systems fuse their input features in a predetermined way, 
either by concatenating feature vectors, or applying fixed 
rules, which doesn’t reflect the actual interaction environ-
ment where some modalities may be rendered unreliable. 
Recognition accuracy drops dramatically when one modal-
ity is severely affected [10].

Additionally, application-oriented requirements, 
including real-time operation, robustness in the presence 
of sensing failures, user-oriented explainability are often 
neglected. Although the human-interpretable explanations 
are emerging in recent work, existing approaches mainly 
adopt attention-based mechanisms, and explainable AI 
techniques as separate, or after-fact tools for the multi-
modal fusion, thus not able to addressing the simultaneous 
needs of accuracy, robustness, interpretability, and real-
time in the context of interaction between humans as well 
as computers.

Research Objectives
The objective of this study is to develop a multimodal 

deep learning framework with integrated explainable arti-
ficial intelligence for emotion-aware human–computer 
interaction that addresses the identified limitations. The 
specific objectives are as follows:
•	 To design a multimodal emotion recognition frame-

work that integrates facial, speech, and physiological 
signals, enabling comprehensive affect understanding 
through complementary sensory information.

•	 To improve recognition robustness and reliability under 
varying environmental conditions, including back-
ground noise, visual occlusion, and physiological signal 
distortion, by dynamically adapting modality contribu-
tions during inference.

•	 To incorporate explainable artificial intelligence tech-
niques that provide feature-level, modality-level, and 
decision-level interpretability, thereby enhancing trans-
parency, trust, and human understanding of system 
behavior.

•	 To validate the proposed framework using benchmark 
datasets and real-time interaction scenarios, demon-
strating its suitability for practical emotion-aware 
human–computer interaction applications.
Through these objectives, the study aims to contrib-

ute a unified, transparent, and robust emotion recognition 
framework that supports the development of ethical, trust-
worthy, and empathetic interactive systems.

Novelty and Contributions
The main technical contributions of this work are sum-

marized as follows:
1.	 Modality-adaptive Modality-Adaptive Attention Fusion 

Module (MAAFM) architecture:
A reliability-aware multimodal fusion design in which 

attention weights are learned per input sample, enabling 
dynamic adjustment of modality importance. This design 
yields measurable improvements in accuracy, area under 
the curve, Cohen’s Kappa, and robustness under missing or 
noisy modalities, as validated through controlled degrada-
tion experiments.
2.	 Unified multi-level explainability integration strategy:

A systematic integration of explainable artificial intel-
ligence at feature, fusion, and decision levels, combining 
Grad-CAM, SHAP, LIME, and attention-weight visu-
alization. This design enables transparent interpreta-
tion of both modality-specific features and cross-modal 
interactions, which is quantitatively and qualitatively 
demonstrated through visual explanations and attribution 
analysis.
3.	 Rigorous and reproducible experimental evaluation 

protocol:
A comprehensive evaluation framework across three 

benchmark datasets, including subject-independent test-
ing, robustness analysis under degraded sensing condi-
tions, ablation studies, and statistical significance testing 
with confidence intervals, ensuring reproducibility and 
objective performance validation.
4.	 Computationally efficient multimodal design for real-

time interaction:
A CNN–BiLSTM–Attention architecture that achieves 

competitive or superior performance compared to trans-
former-based multimodal models while maintaining lower 
model complexity, reduced inference latency, and real-time 
suitability for emotion-aware human–computer interaction 
systems.

Although convolutional–recurrent architectures with 
attention mechanisms have been widely explored for mul-
timodal emotion recognition, most existing frameworks 
employ attention primarily as a latent optimization tool 
and apply explainable artificial intelligence in a post hoc 
manner. In contrast, the proposed framework introduces 
a modality-adaptive attention mechanism that explicitly 
models modality reliability on a per-sample basis and 
exposes attention weights as interpretable fusion-level 
explanations. Unlike prior multimodal explainable sys-
tems that focus on modality-specific interpretation only, 
this work integrates explainability before fusion, during 
fusion, and after decision making. Furthermore, the 
proposed design emphasizes real-time feasibility and 
robustness under degraded sensing conditions, which are 
rarely addressed jointly in existing CNN–RNN–attention 
architectures.
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LITERATURE REVIEW

Unimodal Emotion Recognition
Unimodal Emotions Classification There are primarily 

two types of early work in emotion recognition using uni-
modal analysis, which identify emotional status based on 
only one source of information among facial expressions, 
speech signals or physiological signals. Classic feature set 
and classifier models based on hand extracted features 
such as support vector machine, hidden Markov model and 
decision tree were extensively investigated in the pioneer 
work of unimodal emotions classification [11, 12], with 
interpretable model and relatively low cost, but the overall 
performance was very vulnerable to noise, incomplete and 
unpredictable environments.

Due to the ability of deep learning to automatically 
extract spatial features from images, convolutional neural 
networks (CNN) have become popular, and adopted for 
facial emotion recognition. Whereas, the use of recurrent 
neural networks (RNN) and long short-term memory 
(LSTM) models for speech and physiological signals, the 
models have been used to learn temporal features [13]. 
Due to deep models’ impressive recognition performance 
in controlled environments, unimodal emotion recognition 
systems have still failed to be robust to modality-dependent 
variations such as facial occlusion, speech with background 
noise and sensor artifacts for physiological signals. As a 
result, the unimodal methods do not generalize well to dif-
ferent users, environments and interactions [14].

Multimodal Emotion Recognition and Fusion Approaches
Efforts to address the insufficiency of a unimodal system 

proposed multimodal emotion recognition frameworks 
that fuse audio, video, and physiological information. The 
goal of fusing multiple sources is inspired by human sen-
sation in which a human evaluates emotions through the 
combination of multiple senses. Current multimodal sys-
tems can be categorized into three types: early fusion, late 
fusion, and hybrid fusion [15, 16].

Early fusion: Early fusion approaches fuse features 
across multiple modalities prior to the classification stage 
and allow for learning of cross-modalities interactions in 
the underlying model. Early fusion methods however, are 
vulnerable to noisy or failed modalities since all modalities 
are considered equally. Late fusion: Late fusion approaches 
combine decisions of independent modalities at the deci-
sion level, thus being robust to data drop-out, but usually 
ignoring fine-grain interactions across modalities [17, 
18]. Hybrid fusion: Hybrid fusion approaches (e.g., atten-
tion-based model, transformer-based model) try to find a 
trade-off between early and late fusion methods [17, 18].

These days, a few research works have shown that the use 
of attentional modules and self-attentional model architec-
tures is desirable for capturing the intermodal dependencies 
for better multimodal emotion recognition [19], and trans-
former-based fusion architectures have achieved competitive 

results on benchmark datasets. However, majority of them 
optimize the model for performance without any focus on 
model interpretability and real-time constraints. In addition, 
the fusion process is fixed or obscure, which makes the full 
advantage of each modality little explainable to be used for 
human-computer interaction system [20].

Explainable Artificial Intelligence in Emotion Recognition 
Systems

Deep learning models of emotion recognition through 
human behavior, speech, and physiological signals are 
more effective if they provide interpretability since this 
is more relevant for many applications like human-com-
puter interaction, education, healthcare, and mental health. 
Techniques like gradient-based visual explanations, feature 
attribution methods, and local surrogate models, have been 
used to interpret deep learning predictions. For facial emo-
tion recognition, visual explanation techniques are used to 
explain facial areas relevant to emotions. For speech and 
physiological emotion recognition, feature attribution 
methods are used to explain influential features like domi-
nant frequency bands or acoustic features. [21-23]

While these modality-specific techniques increase 
interpretability on a modality level, most of the current 
work is limited to applying either explainable machine 
learning methods or interpretability frameworks to uni-
modal models. Integrating explainability to multimodal 
pipelines remains an unexplored field. Several approaches 
explain unimodal model’s predictions based on the specific 
modality, leaving the question of how the fused modality 
representation and fusion mechanism of the multimodal 
model contribute to the prediction open.

Identified Research Gap and Motivation for the Proposed 
Work

According to the discussed papers, several important 
issues still need to be tackled. Firstly, there is no multi-
modal emotion recognition framework that simultaneously 
combines robustness, interpretability and real-time per-
formance. Although using multiple sources of data helps 
improve the recognition performance, some researchers 
resort to static or opaque fusion methods that do not work 
when modalities are degraded and are difficult to inter-
pret. Secondly, very few of the explainable AI techniques 
are applied at the fusion level which prevents user to know 
the overall cross-modal contributions to emotion inference. 
Lastly, many of the state-of-the-art models are computa-
tionally expensive and cannot be used in real-time human 
computer interaction [24, 25].

The planned work to overcome these issues is explained 
below: A modality-adaptive and explainable multimodal 
framework to fuse and utilize multiple cues, including 
facial, speech, and physiological signals, is presented. It dif-
fers from previous work by exploiting attention as a fusion 
cue and as a transparent signal, where the involved modal-
ities are weighted according to the given context and the 
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signals that result the model prediction are made transpar-
ent. A full multimodal deep learning framework with inte-
grated explainability and low-latency inference is proposed 
to match the technical and practical needs of real-world 
emotion-aware human-computer interaction.

MATERIALS AND METHODS

System Overview
The Modality-Adaptive Multimodal Emotion 

Recognition Framework, which includes three modality 
encoders, a Modality-Adaptive Attention Fusion Module 
(MAAFM) and a Multi-Level Explainability Module. This 
mechanism enable the proposed framework to adapt to the 
dynamic environment in real-life scenarios, for example, 
noisy speech or occluded face parts. With both class-level 
and fusion-level explainable AI components, the interme-
diate outputs in the network and the final results could be 
interpreted and explained. This provides a balanced solu-
tion among the accuracy, robustness and interpretability, 
which are the critical requirements for real-world emo-
tion-aware interactive applications.

Facial features are encoded using ResNet50; speech fea-
tures are captured using 1D CNN-BiLSTM; physiological fea-
tures are represented by BiLSTM. These embeddings are then 
fused by the Modality-Adaptive Attention Fusion Module 
(MAAFM) before classification and explanation analysis.

During the first level of feature extraction, convolutional 
neural networks are used to generate the spatial embed-
dings from facial frames, meanwhile the temporal models, 
for instance, BiLSTM or temporal convolutional networks, 
for capturing the sequential dependencies of speech and 

physiological signals. In the fusion level, CNN-BiLSTM-
Attention Architecture is used to fuse different embeddings 
into a latent one.

Figure 2 provides an overview of the processing archi-
tecture for the emotion aware human computer interaction 
framework. The architecture is modular by design, where 
facial, speech and physiological inputs are first extracted sepa-
rately in order to maintain their modality specific information.

In the end, emotion class labels are generated by a soft-
max classifier and XAI methods, like Grad-CAM, SHAP 
and LIME, provide visual and quantitative interpretability 
across features and decisions.

Multimodal Data Representation
The performance of the emotion recognition is largely 

influenced by the encoding of features extracted from differ-
ent modalities. The input tensors for the facial, speech, and 
physiological modalities are represented by Xface ∈ ℝTf×df, Xaudio 
∈ ℝTa×da, and Xphysio ∈ ℝTp×dp respectively, where T denotes the 
temporal length, and d the feature dimensionality.

Facial expressions
Facial cues are detected by the CNN backbone 

(Resnet50) that can capture local and global spatial depen-
dencies. The CNN is first passed through a sequence of 
convolutional filters with nonlinear activations [26]:

	 	 (1)

where; * indicates the convolution, Wc1 stands for the fil-
ter weights, bc1 is the bias term, and σ(⋅) specifies the ReLU 
activation. The resulting embeddings capture spatial facial 
features relevant to the emotion classification.

Figure 2. Detailed architecture of the CNN–BiLSTM–Attention Architecture within the proposed framework.
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Speech features
Emotion in the speech is depicted via Mel-Frequency 

Cepstral Coefficients (MFCCs), or log-mel spectrograms. 
The temporal-spectral structure is handled first with a 
one-dimensional CNN, and then with a BiLSTM [27]:

	 	 (2)

By considering both the short-term spectral dynamics, 
and long-term tonal variations, this model, for example, 
pitch as well as energy fluctuation, is used for facilitating 
reliable emotion perception from the speech.

Physiological signals
Physiological signals like ECG, or EEG exhibit very 

fine changes that are linked to the emotional arousal, and 
valence levels. These signals are processed using a BiLSTM, 
or TCN, which are shown in [28]:

	 	 (3)

	 	 (4)

The bidirectional design allows for the recognition of 
the temporal dependencies in both the future, and past 
directions, thus, enhancing the stability, and the under-
standing of the emotional context. 

Subsequently, the embeddings of each modality are sub-
jected to normalization as well as temporal alignment prior 
to the fusion [29]:

	 	
(5)

Feature Fusion Model
Fusion is the decisive step which combines the multimodal 

embeddings into a common feature space that is able to learn 
cross-modal correlations. The Modality-Adaptive Attention 
Fusion Module (MAAFM) is formally expressed as [30]:

	 	 (6)

where, ⊕ indicates the combination of vectors, Wf, and bf 
are the weights, and also biases for the fusion, and f(⋅) is 
a nonlinear activation function such as ReLU. Within the 
MAAFM, inter-modality relevance is modeled using a 
learnable attention mechanism [31]:

	 	
(7)

where; the attention coefficient of modality i is denoted by 
αi, and hi is the hidden representation of modality i. The 
fused embedding is subsequently calculated as [32]:

	 	
(8)

The proposed hybrid CNNs-BiLSTM-Attention model 
is built to understand the joint dependence of these spa-
tial, spectral and temporal dimensions. CNNs extract the 
local feature patterns, BiLSTM layers encode the sequence 
of emotional dynamics and the attention mechanism com-
putes the weights for the different modality.

Probability distribution of the final emotion class is 
obtained by applying softmax layer [33]:

	 	 (9)

Conversely; Wc, and bc are the classifier parameters, and 
ŷ ∈ RK corresponds to the probability distribution over the 
K emotion classes.

Explainability Integration
Explainable AI (XAI) is integrated into the Feature 

importance analysis, and multimodal fusion interpretabil-
ity to enhance the trust as well as transparency.

Grad-CAM for visual saliency
The gradient of the heatmap is produced by the gra-

dient-based activation map that highlights the key facial 
regions associated with the prediction of emotions. The 
heatmap from Grad - CAMLGrad-CAM for the convolutional 
layer Ak is generated using the following equation [34]:

	 	
(10)

In this expression, yc denotes the score assigned to class 
c that corresponds to the given emotion, while αk represents 
the weights obtained through the gradient-based methods. 
The depiction made in this case marks the areas of the face, 
like for instance the eyes, and mouth, which have the great-
est impact on the final decision regarding the classification.

SHAP and LIME for cross-modal attribution
SHAP as well as LIME analyze feature-level importance 

to interpret the role of the modalities in the final deci-
sion-making process. Feature contributions by SHAP are 
given by [35]:

	 	
(11)

where; ϕi idenotes refers to the SHAP value of the ith fea-
ture. It measures the relative contribution of each modality 
(facial, audio, or physiological) to the emotion classification 
of each particular instance.

The generated feature heatmaps, and bar plots are inter-
pretable visual feedbacks that allow system designers to 
confirm the emotional representations learned, and find 
biases that might be present.

Training Strategy
The multimodal model is taught thoroughly with-

out any interruptions. The categorical cross-entropy loss 
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is defined as [36] if the ground truth emotion labels yi ∈ 
{1,2,..., K}, and predicted probabilities ŷi are given:

	 	
(12)

where; N denotes the number of samples in a batch. The 
optimization process is executed through the Adam opti-
mizer utilizing the adaptive moment estimation technique, 
which is mathematically represented as [37]:

	 	
(13)

Here, η is the learning rate, and mt̂ and v̂t are the first; 
and second moments which are corrected for the bias.

The learning rate η is dynamically changed according 
to a cosine annealing schedule in order to maintain the 
stability of convergence. The training uses dropout regular-
ization (0.3–0.5) to avoid the overfitting, while mini-batch 
sizes of 32-64 are used to provide the right balance between 
the computational efficiency. Validation accuracy is used 
for early stopping which guarantees the best generalization.

Novelty of the Proposed Fusion and Explainability Design
This sub-section states clearly how our fusion and explain-

ability design spaces is different from the current multimodal 
CNN-RNN-attention + explainable artificial intelligence 
spaces. Our design space does not treat attention and explain-
ability as additional modules. We design attention as an adap-
tive fusion component and an intermediate layer that captures 
cross-modal contribution at the decision level.

Rather than tuning the modality attention weights 
over the entire training set or keeping them static, they are 
learned for each input individually. Suppose that hv, ha, hp 

denote the feature embedding representations fed into the 
visual, speech, and physiological encoders. The scores for 
each modality for a specific instance of the input are:

where; Wm, w, and bm are learnable parameters. These rel-
evance scores are normalized using a softmax function to 
obtain the modality attention weights [38]:

The resulting attention weights satisfy ∑mαm = 1, and 
represent the relative importance of each modality for the 
current input sample. The fused multimodal representation 
is then computed as [39]:

This allows the fusion to be robust against change in 
signal quality, temperature, lighting, and expressiveness 
of emotion. For example, when a modality is poor such 
as speech in noise, face under occlusion, speech pres-
ence in the hair, etc., its contribution will be put down, 
and other more robust modalities such as face, body lan-
guage, and gesture, can dominate in the formation of the 
overall expression. This is the key difference from early 
fusion which concatenates features without any regard to 
the dependance between different modalities or late fusion 
which simply combining individual decisions without 
modeling the dependence.

Figure 3 displays a schematic illustration of the modal-
ity-adaptive fusion and explainability flow. It explains how 

Figure 3. Schematic representation of the Modality-Adaptive Attention Fusion Module (MAAFM), and Multi-Level Explain-
ability flow. This illustrates modality-specific encoding, dynamic attention-based weighting, fused representation formation, 
and the integration of the Grad-CAM, SHAP, LIME, and attention-weight visualization at the multiple interpretability stages.
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the modality-specific features are dynamically weighted 
and how the explainable artificial intelligence algorithms 
offer explanation before and after fusion.

The main novelty of the proposed design is the explicit 
targeting of the attention weights as explainability signals. 
Attentions are no longer implicit in an optimization pro-
cess, but the learned modality weights are revealed as per-
ceptible and user-trustworthy metrics of the modalities’ 
contribution to the emotion prediction. This allows explicit 
quantification of each modality’s contribution to the output.

The Multi-Level Explainability Module is included 
at various levels of the proposed Modality-Adaptive 
Multimodal Emotion Recognition Framework. Prior to the 
fusion of modalities, modality-specific techniques are used 
to explain important spatial areas of facial input, salient tem-
poral and spectral patterns of speech, as well as discrimina-
tive frequency bands and electrode regions of physiological 
signals. After the fusion step, attention-weight distributions 
and feature attribution techniques are adopted to jointly 
explain how the multimodal representations lead to the 
final classification result. This multi-level explainability 
design makes the proposed framework different from the 
existing past work, which mostly only focus on explanation 
of a single modality or single model output.

In contrast to unimodal transformer-based fusions, that 
typically feature high computational cost and less modal-
ity-level interpretability, the more flexible CNN-BiLSTM-
Attention framework delivers a desirable trade-off between 
the effectiveness, interpretability, and efficiency. Also, due 
to the transparent fusion module and low-latency inference, 
the framework is applicable for real-time emotion-aware 
human-computer interaction context that requires robust-
ness, interpretability, and responsiveness.

Experimental Setup

Datasets used
The multi-modality oriented emotion-sensitive frame-

work for HCI is experimentally evaluated using the three 
commonly used and most highly regarded datasets: DEAP, 
RAVDESS and SEED. The DEAP and RAVDESS datasets 
provide audio-visual video and audio streams, respectively, 
along with the annotated emotion labels, while the SEED 
dataset provides EEG-based emotion data. This enables a 
complete multi-modality validation process.

The DEAP data set also provides EEG and periph-
eral physiological signals for 32 subjects who watched 

40 different 1-minute music videos for audiovisual. Each 
audio-visual stimulus was rated using a 9-point scale along 
three axes; i.e., arousal, valence and dominance. The entire 
data set consists of 32 channels of EEG data, and 8 channels 
of physiological data including GSR, EOG, and EMG sig-
nals. The EEG signals are recorded at a frequency of 512 Hz 
then down-sampled to 128 Hz to ease the computational 
load.

The RAVDESS (Ryerson Audio-Visual Database of 
Emotional Speech, and Song) dataset consists of 24 profes-
sional actors (12 males, 12 females) vocalizing 8 emotion 
classes (neutral, calm, happy, sad, angry, fearful, disgust, 
surprised) through speech and song. The output is a sam-
ple which is composed of synchronized audio, and video 
at 48KHz sampling rate, and 30 fps video frame rate. This 
RAVDESS dataset can be utilized to conduct the unimodal, 
and multimodal experiments under a standard environ-
ment like lighting, and background, which ensures the 
extraction of high-quality features.

SEED (SJTU Emotion EEG Dataset) The data was 
obtained from 15 subjects when watching emotional movie 
videos positively, negatively and neutrally scored. The EEG 
signals were captured by 62 electrodes attached on their 
heads following the international 10-20 scheme. The acqui-
sition frequency of EEG was 1000 Hz, and the received 
signals were subsequently band-passed-filtered within 
the range of 0.3-50 Hz to reduce the noise. This dataset 
is suitable for investigating the temporal dynamics of the 
brain’s emotional response. The datasets’ characteristics are 
detailed in Table 1.

Cross-dataset modality alignment and experimental 
protocol

These datasets contain different participants, various 
acquisition paradigms, different sensing modalities, differ-
ent sampling frequencies, different participant types, and 
variances in annotation strategies. In order to provide a fair, 
reproducible and rigorous assessment, the cross-dataset 
modality translation is conducted at the feature space level 
instead of the raw signal level.

For every dataset, we perform modality-specific pre-
processing and feature extraction. The faces, speech, and 
physiological signals of each modalities are individually 
encoded in modality-specific sub-modules that maintain 
the means for preservation of the native time and fre-
quency and spatial mode information of every input. No 

Table 1. Dataset summary

Dataset Modality Participants Channels/Features Sampling Rate Emotion Classes
DEAP EEG + Physiological 32 32 EEG + 8 physio 512 Hz (→ 128 Hz) Valence, Arousal, Dominance
RAVDESS Audio–Visual 24 Speech, Video Frames 48 kHz, 30 fps 8 Emotions
SEED EEG 15 62 EEG Channels 1000 Hz (→ 50 Hz) Positive, Neutral, Negative
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signal level resampling, normalization, or direct sharing of 
features across the datasets is performed.

We map the three datasets to a common set of categor-
ical emotion labels, so that we can evaluate between data-
sets in a unified affective space. We maintain the original 
label resolutions when creating this joint set, conforming 
to standard affective computing procedures and without 
disturbing the original distributions. We treat each dataset 
independently otherwise.

Subject-independent evaluation protocol The data 
are split at the subject level, so that data from a particu-
lar subject does not appear in both training and test sets. 
The training and validation data comprise roughly 80% 
of the dataset while the remaining 20% is used for testing. 
The validation data is used solely from the training data for 
hyperparameter tuning.

Cross-dataset generalization experiments. Additional 
experiments are carried out to evaluate robustness under 
the domain shift. In this setup, the model is trained on one 
dataset and directly tested on the other dataset. The pur-
pose of this protocol is to test the generalization ability of 
the learned multimodal representations to different distri-
butions, sensing conditions and populations.

The models were optimized with same optimization 
setting with each dataset (learning rate, batch size, early 
stopping criterion). The evaluation metrics are only calcu-
lated on the test set, and the reported performance is aver-
aged over several runs.

Preprocessing steps
The multimodal preprocessing pipeline has been con-

figured to extract synchronized noise free features from all 
the facial, audio and physiological channels.

The frequency of the video frames of RAVDESS is 
30, and in this case, they undergo detection and align-
ment operations with Multi-Task Cascaded Convolutional 
Network (MTCNN). The face is cropped from the original 
frame, we resize it to 224224pixels and normalize to ([0,1]). 
We input the original video into the network in order to 
have the model learn from the data, data augmentation 
([0,1]) such as random horizontal flipping, rotation (10), 
Gaussian noise injection is very helpful to model general-
ization ability.

For the speech modality, the audio signals are denoised 
using spectral gating and then normalized to zero mean and 
unit variance. The Short-time Fourier Transform (STFT) is 
used to produce spectrograms, as defined in [38]:

	 	
(14)

where; x[n] is the input signal, w[n] is the Hamming win-
dow, and S(f,t) represents the frequency-time magnitude. 
The spectrogram is the source for the extraction of Mel-
Frequency Cepstral Coefficients (MFCCs), and chroma 
features. Among the augmentation techniques used are 

pitch shifting, time stretching, and adding background 
noise to simulate the variability of real-world recording.

For the physiological, and EEG modalities (DEAP and 
SEED), signals are pass-filtered through 0.5–50 Hz range 
using a fourth-order Butterworth filter so that artifacts are 
eliminated. The normalization process is carried out using 
z-score transformation [39]:

	 	 (15)

where, xi denotes as the signal amplitude, µ as the mean, 
and σ as the standard deviation. EEG data are segmented 
into 1-second overlapping windows with 50% overlap to 
preserve temporal dynamics. The Fast Fourier Transform 
(FFT) is used to compute power spectral density (PSD) fea-
tures across canonical bands (δ, θ, α, β, γ).

Ensuring time accuracy among different modalities, the 
interpolating of timestamps and resampling of data give rise 
to the fusion layer that seamlessly connects to all streams’ 
feature embeddings.

Implementation details
The implementation of all the experiments was per-

formed using Python 3.10, Tensor Flow 2.15, and PyTorch 
2.2 (cross-validation). The environment employed for gen-
erating and evaluating models consisted of an NVIDIA 
RTX 4090 GPU with 24 GB VRAM, an Intel i9-13900K 
CPU, and 64 GB RAM. The training and test process was 
carried out in conjunction with Ubuntu 22.04, CUDA 12.3, 
and cuDNN 8.9.

The training setting employs the Adam optimizer with a 
initial learning rate of η = 10-4, and a decay rate of 0.95 after 
5 epochs. The batch size is set to 32 for all modalities and 
a maximum of 80 epochs is used. We train all models for 
emotion classification with the cross-entropy loss function 
[40]:

	 	
(16)

where, C is the number of emotion classes, yi refers to the 
true label, and ŷi as the likelihood predicted by the softmax 
layer [41].

	 	
(17)

Model checkpoints, and early stopping protocols are 
based on the validation loss to stop overfitting. A dropout 
layer with p = 0.3 is added after the fusion, and BiLSTM 
layers to improve the model’s generalization. Feature fusion 
is carried out after the encoders that are specific to the dif-
ferent modalities, where the concatenated vector Ffusion is 
computed as [42]:

	 	 (18)
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Attention mechanism assigns weights to sequence of 
data with the following equation [43].

	 	
(19)

Where, Wa is a learnable parameter, and M states the 
number of modalities. The obtained feature is then directed 
through dense layers for the emotion classification. The 
Explainability Module incorporates Grad-CAM for visual 
saliency mapping on facial frames, SHAP for measuring the 
feature impact in audio and EEG, and LIME for local inter-
pretability. These methods give a lucid view of the multi-
modal contributions in emotion recognition.

Every experiment is conducted five times with different 
random seeds, and the mean values of accuracy, F1-score, 
and computational latency are given. The total duration of 
training for each experiment is around 3.8 hours, which 
proves the possibility of integrating emotion-aware HCI in 
the real-time.

Reproducibility and Training Configuration Details
To ensure the methodological transparency as well as 

reproducibility, all experimental settings are explicitly spec-
ified below.

Data partitioning strategy
All experiments follow a strict subject-independent 

protocol. For each dataset (DEAP, RAVDESS, SEED), sub-
jects are partitioned as follows:
•	 80% of subjects for training
•	 10% of subjects for validation
•	 10% of subjects for testing

Partitioning is performed at the subject level to pre-
vent identity leakage. Five independent runs are conducted 
using the fixed random seeds {42, 123, 256, 512, 1024}. 
Final results are reported as mean ± standard deviation 
across runs.

Optimization and hyperparameters
The CNN–BiLSTM–Attention Architecture is trained 

using the Adam optimizer with the configuration summa-
rized in Table 2.

Model architecture configuration
Architectural parameters of the modality encoders and 

Modality-Adaptive Attention Fusion Module (MAAFM) 
are summarized in Table 3.

Explainability module configuration
Configuration parameters for the Grad-CAM, SHAP, 

and LIME are summarized in Table 4.

Evaluation protocol
The experiments were performed based on subject-in-

dependent evaluation protocol, which is mandatory in 
affective computing research to prevent the subject bias in 
the experiments. According to this protocol, the data splits 

are performed on the subject level, i.e. no samples of a per-
son are used simultaneously in training and testing phases.

For each dataset, subjects are randomly split in to 
train-validation subjects, with approximately 80% of the 
subjects used for training and validation and the remaining 
20% of the subjects used only for testing. Validation data 

Table 2. Optimization & training hyperparameters

Parameter Value
Optimizer Adam
Initial Learning Rate (η) 1 × 10-4

β₁ 0.9
β₂ 0.999
ε 1 × 10-8

Learning Rate Decay 0.95 every 5 epochs
Scheduler Cosine Annealing (after epoch 20)
Batch Size 32
Maximum Epochs 80
Early Stopping Patience 10 epochs
Gradient Clipping Norm 5.0
L2 Weight Decay 1 × 10-5

Dropout Rate 0.4
Weight Initialization He Normal

Table 3. CNN–BiLSTM–Attention Architecture Configuration

Component Configuration
Facial Encoder ResNet50 (ImageNet pre-trained)
Speech CNN 1D CNN (128 filters, kernel size 5)
Speech BiLSTM Hidden size 128
EEG BiLSTM Hidden size 128
Attention Hidden 
Dimension

128

Dense Layer Size 256
Activation Functions ReLU / Softmax
Fusion Strategy MAAFM

Table 4. Explainability Configuration

Method Configuration
Grad-CAM Final convolutional block
SHAP Method KernelSHAP
SHAP Background Samples 100
LIME Perturbations 500
LIME Kernel Width 0.25
Attention Visualization Softmax-normalized weights
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are obtained only from the training dataset, and used for 
model selection and hyperparameter optimization. Test 
data is never used during training or validation.

This subject-independent approach is used through-
out all the DEAP, RAVDESS and SEED databases. All the 
results reported are on the unseen test subjects. In order to 
minimize the variance introduced by stochastic partition-
ing, the experiments are repeated many times using differ-
ent division of subjects, the corresponding average of the 
results are then reported.

Besides, cross-dataset generalization tests are also per-
formed for robustness under domain shift. Cross-dataset 
experiments involve training a model on one dataset and 
evaluating it without any fine-tuning on another dataset. 
Such an evaluation protocol can reflect the generalization 
ability of the proposed framework on different acquisition 
settings and subjects.

RESULTS AND DISCUSSION

In this section, we present and discuss the results 
obtained from our proposed multimodal deep learning 
based emotion aware HCI framework. As the experiment 
comprises three modalities: (1) facial, (2) speech and (3) 
physiological (EEG), we analyze these modalities in both 
isolated as well as a fused setting. We discuss and interpret 
the results in terms of performance, explainability analysis, 
comparison with benchmarks and statistical significance 
validation.

Quantitative Performance
Besides accuracy, F1-score and confusion matrix, var-

ious other evaluation metrics are used to obtain a more 
stable evaluation of the learned explained multimodal emo-
tion recognition framework. Area Under the ROC Curve 
(AUC) is formally presented as a performance metric 
since it describes the ability of the classifier to distinguish 
between the classes on multiple decision thresholds. (The 
larger the AUC the more the classes are separable by the 
classifier).

Cohen’s Kappa coefficient is used to measure how well 
the predictions agree with the true labels, over and above 
the agreement expected by chance alone. It is also suitable 

for emotion datasets with an imbalance between classes. 
Matthews Correlation Coefficient (MCC) is also used to 
compare the summary results, as it is a balanced measure 
using true and false positives and negatives.

Experiments were conducted to evaluate the system 
real-time feasibility, including inference latency per each 
modality, and the fused multimodal pipeline. Latency is 
reported as the number of processing time per sample, 
including feature extraction, fusion, and classification. 
The experiment demonstrates the proposed framework is 
capable of meeting the temporal constraint for interactive 
human-computer interaction.

The experiment results presented in the table show that 
the proposed Modality-Adaptive Multimodal Emotion 
Recognition Framework achieved significantly better per-
formance than any of the unimodal and hybrid baseline 
systems on all evaluation metrics. The improvements in 
the higher Cohen’s Kappa and MCC scores resulted from 
a higher agreement among the classifiers and a more bal-
anced classification rate, respectively, and were thus not 
solely attributable to the class imbalance. The multimodal 
approach does have higher inference latency due to multi-
stream information processing, though this latency remains 
in an acceptable level for real-time human–computer inter-
action (Table 5).

Compared to previous unimodal and multimodal 
emotion recognition research shown in the literature, the 
framework illustrates a consistent enhancement across 
accuracy and well-balanced measures. Previous unimodal 
facial expression or speech based approaches only report 
accuracy values between 80-88% in a lab controlled setting 
while performance drops significantly in noisy/missing 
input scenarios. Similarly, in this paper the proposed multi-
modal framework attain a mean accuracy of 92.4% (CI 95% 
88.2-96.6%) with a modest AUC value and higher discrim-
ination value. This is possible by sharing the complemen-
tary information among facial, speech, physiological and 
modality-adaptive fusion.

In terms of application usage, the gains of performance 
and the latency figures we observe show that our framework 
can be deployed in real-time interactive system. In adaptive 
learning systems, quick detection of learner emotion can 

Table 5. Quantitative performance comparison across modalities

Model Modality Accuracy (%) F1-score AUC Cohen’s Kappa MCC Inference Latency (ms)
CNN Visual 85.3 0.84 0.91 0.79 0.78 38
BiLSTM Speech 82.9 0.81 0.89 0.75 0.74 42
BiLSTM EEG 79.4 0.78 0.86 0.71 0.70 47
CNN–LSTM Visual–Speech 88.1 0.87 0.93 0.83 0.82 65
Proposed CNN–BiLSTM–
Attention + XAI

Multimodal 92.4 0.91 0.97 0.88 0.87 92

**Note: Results are presented as mean performance, with 95% confidence intervals given in the analysis.
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lead to real-time adjustments of learning content to sustain 
learner engagement and understanding. In mental health 
monitoring, the robustness of the multimodal fusion com-
ponent in noisy or missing input will be ideal for long-term 
emotion monitoring in natural environments. Assistive 
interfaces and emotion-aware robotic systems could also 
leverage the computational efficiency and interpretability 
of the framework to make emotion-based assertions and 
respond in socially appropriate ways.

To expand a little on the model’s ability to discrimi-
nate between emotion classes, we have presented in Figure 
4 the confusion matrix for the multimodal classifier on the 
RAVDESS dataset. The diagonal clustering of the values in 
Table 4 indicates the balanced classification between the 
emotion classes while the sparsity of the off-diagonal values 
indicates no strong confusion between one class and another. 
As can be seen from the confusion matrix, the classifier did 
very well to identify the emotions “happy” (95%) and “angry” 
(93%) but “calm” and “sad” were slightly misclassified since 
these had similar acoustic features. Similarly, the accuracy of 
the model on the valence-arousal classification of the DEAP 
dataset as depicted in Figure 5 was also above 90% in the 
high-low arousal and high-low valence dimensions.

The receiver operating characteristic (ROC) curves 
shown in the Figure 6 reveal that fusion model achieved the 
mean AUC of 0.97 outperforms the unimodal CNN 0.91 
and BiLSTM 0.89 models, thus demonstrating the increased 

discrimination ability of the proposed fusion architecture. 
The ROC curve of the proposed model is comparatively 
higher and steeper at the different thresholds which reflect 
the better sensitivity with the same false alarms.

The performance enhancements obtained from the pro-
posed approach are in accordance with previous studies on 
multimodal emotion recognition, with studies demonstrat-
ing that combining complementary sensory cues increases 
robustness and generalization in comparison to unimodal 
methods. Previous works using only facial or speech-based 
models have reported environmental noise, occlusion and 
user variability to be significant limitations for real inter-
action systems. The use of multimodal fusion techniques 
addresses these issues by exploiting cross-modal redun-
dancy to improve stability and balanced classification per-
formance [24]. The superior accuracy and area under the 
curve metrics obtained in the proposed framework are 
consistent with the literature, however further reliability is 
achieved through the incorporation of modality-adaptive 
attention where the contribution of each modality is altered 
to suit input conditions [24].

Robustness Analysis Under Modality Degradation
In order to test the robustness of the proposed frame-

work, more experiments are designed using degraded 
sensing conditions as same as real-world human-computer 
interaction (HCI) situation. The three sensing conditions 

Figure 4. Confusion matrix for the multimodal classifier on RAVDESS dataset in subject independent setting. Rows cor-
respond to true classes, while columns correspond to predicted classes for eight emotion classes. Classification accuracy is 
very high for high arousal emotions (happy and angry) with small confusions between groups of two or more acoustically 
similar classes (calm and sad).
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are designed as missing modality, noisy audio signal, and 
face occlusion.

In the absent modality condition, one input modality is 
eliminated at inference, while other modalities are main-
tained. For the noisy audio condition, speech signals are 

corrupted by Gaussian noise with a SNR of 10 dB. For facial 
occlusion, the mouth and eye regions are occluded by ran-
domly masking certain pixels.

Modality-Adaptive Attention We proposed to use 
a modality-adaptive attention model, which is robust 

Figure 5. Confusion matrix for DEAP dataset showing classification across arousal–valence quadrants under subject-in-
dependent protocol. The matrix illustrates balanced performance in high/low arousal and high/low valence categories, 
with overall classification accuracy exceeding 90%.

Figure 6. Receiver Operating Characteristic (ROC) curves are comparing unimodal, and multimodal models on RA-
VDESS dataset. The x-axis represents False Positive Rate; and the y-axis represents True Positive Rate across varying 
classification thresholds. The proposed framework achieves the highest mean AUC (0.97), demonstrating superior dis-
crimination capability.
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against all potential degraded scenarios. If a modality was 
corrupted or missing, it naturally co-weights onto more 
reliable modalities and thus can maintain recognition per-
formance. A sharper degradation trend can be observed 
for the baseline fusion models due to their fixed or deci-
sion-level fusion.

Figure 7 shows accuracy results for the proposed model 
in the missing modality, noisy audio and facial occlusion 
scenarios. The proposed fusion approach is more robust 
in the face of the baseline fusion approaches. The shallow 
slope of the degradation in accuracy of the MAAFM for 
the various noisy scenarios highlights the robustness-aware 
behavior of the model under natural sensing variations.

The findings on robustness of this framework are sim-
ilar to prior works in multimodal affective computing, 
which have shown that the adaptive fusion approaches out-
perform static fusion approaches under degraded sensing 
conditions. Such studies have reported that early fusion 
approaches experience high-performance degradation with 
the impairment of a modality, while decision-level fusion 
approaches lack in modeling inter-modality correlation. 
Model-Adaptive Attention Fusion Module (MAAFM) 
approaches have been found to mitigate such issues, and 
reweight the contribution of modalities. Our ablation 
results also show that in the absence of attention and any 
modality, the performance degrades by a certain margin in 
our proposed approach, and empirically demonstrate adap-
tive fusion [26].

Explainability Analysis and Human-Centered Interpretation
Emotion-aware human-computer interaction (HCI) 

is a fundamental example in which the affective state of 

users directly determines the impact of system decisions 
on feedback, interaction, and behavioral adjustment [1]. 
Existing emotion recognition technologies used in HCI are 
generally demanding high predictive performance. This is 
because in HCI the emotion recognition algorithm is also 
required to indicate the reasons behind the detected emo-
tion. An explainability framework is thus introduced to 
extract the reasons in the proposed method by considering 
the modality-specific layer as well as the fusion level.

Visual explainability using Grad-CAM
As a second step, in the facial emotion recognition 

branch we use the Grad-CAM algorithm on the convolu-
tional layers to obtain spatial saliency maps that indicate 
the facial regions relevant for emotion classification. These 
visualisations show which regions of the face are most rele-
vant for a specific emotion.

The heatmaps extracted using grad-cam always focus on 
semantically relevant parts of the face such as facial zones 
around the eye and mouth regions. For example, for the 
happy or surprised case, the activations are higher around 
the mouth corners, and around the eyes which correspond 
to known facial regions associated with such emotions in 
multiple psychological works. Grad-cam heatmaps for sad; 
or angry emotions activate towards the eyebrows; or mouth 
closing.

In terms of human-computer interaction, these explana-
tions are very important as they give evidence that the model 
is referring to human-understandable facial cues, instead of 
background cues, which is especially crucial if the system is 
to be debugged, if the designers want to check the emotional 
reasoning or users are to trust the system more.

Figure 7. Accuracy comparison under degraded sensing conditions. The plot shows classification accuracy under three 
scenarios: missing modality, noisy speech (10 dB SNR), and partial facial occlusion. The proposed framework exhibits 
graceful degradation compared to static fusion baselines.



Sigma J Eng Nat Sci, Vol. 44, No. 4, pp. 2758−2782, August, 20262772

Figure 8 shows occupying regions of Grad-CAMs for 
facial stream. According to Figure 8, our model focuses on 
semantic regions with high intelligibility, e.g., the curvature 
of the mouth, the motion of the eyebrows, and the wideness 
of the eyes. As shown in heatmaps, the corners of the mouth 
and the edge of the cheeks are mainly responsible for the 
positive emotion region activation.

Feature attribution analysis using SHAP for speech 
modality

SHAP is applied to explain the impact of the acoustic fea-
tures obtained from speech signals, such as Mel-Frequency 
Cepstral Coefficients (MFCC), pitch, and features associ-
ated with energy. The SHAP values are used to interpret the 
contribution of individual features to the emotion predic-
tion for each sample and for the entire data set.

From the SHAP bar plots, we can see that the recogni-
tion of high arousal emotional content (anger, excitement) 
is aided by high pitch variation, high spectral centroid and 
certain MFCC coefficients. Recognition of low arousal con-
tent (neutrality, sadness) is aided by low energy and spec-
tral spread.

In emotion-aware HCI applications, such explanations 
are even more critical due to the fact that speech signals 
can be contaminated by noise and other contextual influ-
ences. Exposing the key acoustic features used in emotion 
predictions can give system designers clarity on whether a 
system’s predictions are robust in different scenarios, and 
allow behavior adaptation to different interaction contexts.

In terms of the speech modality, the distribution of 
SHAP values (Fig. 9) shows that pitch energy, spectral 
centroid, and the first six MFCC coefficients are the most 
important features for classification. In detail, high pitch 
energy and high MFCC values tend to correspond to 

“angry” and “happy” mood; in contrast, low spectral roll-
off corresponds to “sad”, and “neutral” states.

Physiological signal interpretation using LIME
LIME is used to provide local explanation of brain-state 

predictions based on the physiological signals branch (EEG 
and bio-signals, such as EMG and GSR). This is achieved 
by removing features from the input using Gaussian noise 
and calculating the importance of the features based on the 
change in prediction.

These findings are consistent with neuropsychological 
research that characterizes frontal region alpha and beta 
effects in the context of emotional state, in which alpha 
is related to more relaxed, and neutral moods and beta is 
related to active arousal.

The significance of physiological explanations from an 
HCI perspective is that these signals are usually opaque to 
the end user. Interpretations using LIME are transparrent 
by explaining the bio-signal pattern in an understandable 
way. This is crucial for the ethical use of emotion-aware sys-
tems in stigmatized domains like mental health or learning 
environments.

The interpretability of EEG, as seen from LIME in 
Figure 10, shows that for the pairs of frontal electrodes (F3, 
F4), power of alpha-band (8-13Hz) had the strongest cor-
relation with excitement, and power of beta-band (13-30 
Hz) was indicative of arousal or excitement.

Explainability has already been addressed in the litera-
ture, in works on human interaction [37], health [16] and 
education [28] emotion recognition. In these works, expla-
nations provided by visual explanation techniques are suc-
cessful in making the model, and its decision “transparent” 
by localizing the most relevant parts of the face; explana-
tions using feature attribution techniques gave us an under-
standing of the acoustic, and physiological signals most 

Figure 8. Grad-CAM visual saliency maps for facial emotion recognition on RAVDESS samples. Heatmaps highlight se-
mantically meaningful regions such as mouth curvature, eyebrow tension, and eye openness, which is confirming that the 
CNN–BiLSTM–Attention Architecture focuses on the psychologically relevant facial cues.
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relevant to the model. These explanations increased trust 
and system validation [25]. 

Nonetheless, state-of-the-art work limits explainability 
to single modalities, and does not take the fusion procedure 
into account. 

By bringing explainability into the fusion level of the 
multimodal framework, the present work is a step forward 
in explainable emotion recognition research and in pro-
viding a comprehensive and human-centered approach to 
understand emotion inference [25].

Figure 10. LIME explanation for EEG-based emotion prediction. The visualization highlights dominant frequency bands 
and frontal electrode regions contributing to emotional arousal and calmness classification.

Figure 9. SHAP feature importance analysis for speech modality. This bar plot illustrates the contribution of MFCC co-
efficients, pitch energy, and spectral features to emotion classification. Positive SHAP values indicate features which is 
increasing the class probability, while negative values reduce it.
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Attention weights as fusion-level explainability
At the same time to modality-dependent explanations, 

the model also provides attention weights as an explicit 
explanation signal at the fusion level. The model learns 
attention coefficients, which represent the relative impor-
tance of face, speech and physiological modalities at the 
instance level.

Analysis of the learned attention weights shows that the 
system naturally put more emphasis on facial and speech 
cues relative to physiology cues. When the input from one 
modality was obscured by some noise; or occlusion, the sys-
tem accordingly increased its focus on the other modalities, 
demonstrating interesting, and interpretable behavior in 
the face of real-world noise.

These explanations at the fusion level are important in 
human-computer interaction as they inform the user of 
not only what the system predicts, but how it is balancing 
between the different data sources. This increases user trust, 
allows validation of the system, and helps when designing 
adaptive interfaces that react appropriately to emotion.

Furthermore, the weights acquired in the fusion pro-
cess (Fig. 11) indicate the relative contribution of the three 
modalities: facial (0.46), speech (0.33), and physiological 
(0.21). This quantitative evidence supports the hierarchic 
perception for emotions where facial cues are the strongest.

Quantitative Evaluation of Explainability Faithfulness 
and Stability

Although explanations that are visual and at the feature 
level are intuitively interpretable, the requirement of quan-
titatively demonstrating how faithful the explanations are 
to the model behavior is justified. It performed additional 

experiments to test explanation faithfulness, stability, and 
robustness against degradation in sensing.

Faithfulness evaluation via feature removal
In order to assess the faithfulness of the SHAP based 

feature attributions, a feature perturbation experiment was 
performed. For each modality, the top 10% most salient fea-
tures by SHAP were dropped during inference and the drop 
in performance was noted.

When the most important 6.8% of SHAP features were 
discarded, the mean accuracy fell by 6.8%; when the corre-
sponding number of features was discarded at random, the 
mean accuracy fell by only 2.1%, a far smaller degradation. 
This demonstrates that SHAP is selecting causally relevant 
features for emotion classification rather than randomly 
correlated inputs.

Likewise, when masking the top 15% most salient visual 
regions as identified by the Grad-CAM method, accuracy 
of the visual branch decreased by 7.3%, whereas on ran-
domly masking regions in the face with the same number of 
regions accuracy decreased by 2.4%. These confirm that our 
visual explanations identify relevant discriminative cues in 
the face used by the CNNBiLSTMAttention Architecture.

Stability of attention-based fusion explanations
To examine the consistency of fusion-level explana-

tions, attention weight distributions were analyzed across 
five independent experimental runs. The standard devia-
tion of the modality attention weights was computed for the 
facial, speech, as well as physiological modalities.

The mean attention weights across runs were:
•	 Facial modality: 0.46 ± 0.018
•	 Speech modality: 0.33 ± 0.021
•	 Physiological modality: 0.21 ± 0.015

Figure 11. Attention weight distribution across modalities learned by the Modality-Adaptive Attention Fusion Module 
(MAAFM). Mean modality contributions (Facial: 0.46, Speech: 0.33, Physiological: 0.21) are shown with low variance 
across five runs, indicating stable and interpretable fusion behavior.
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The low variance values indicate that the Modality-
Adaptive Attention Fusion Module (MAAFM) produces 
stable, and reproducible modality contribution patterns. 
This stability shows that the learned attention weights 
reflect consistent cross-modal relevance rather than ran-
dom fluctuations during the optimization.

Attention shift under modality degradation
Effects of Degraded sensing We further investigated the 

distribution of attention weights when sensing quality was 
degraded. When 10 dB SNR Gaussian noise was added to 
the speech, the speech attention weight was reduced from 
0.33 to 0.19, while facial attention increased from 0.46 to 
0.57. In a similar adaptive switch occurred in the case of 
partial occlusion of the face, with visual attention reduc-
ing, whilst speech and physiological attention increased 
proportionally.

Correlation analysis of the link between reliability of 
each modality (single-modality validation accuracy at 
different levels of degradation) and normalized attention 
weights within the MAAFM returned a correlation of r = 
0.71 (p<0.01). This correlation being statistically significant 
affirms the MAAFM’s ability to adapt its attention accord-
ing to reliable cues presented to the network.

Explanation–performance coupling
In order to investigate the relationship between explain-

ability signals and predictive accuracy, the attention weight 
entropy was compared to the maximum classification con-
fidence for each sample. Results show that samples with 
higher attention weight entropy yielded lower confidence 
(3.2%) results, and a little lower accuracy, thus uncer-
tainty in modality contribution correlates with predictive 
uncertainty.

Indeed, this coupling shows that these attention-perfor-
mance explainability signals are not arbitrary, and have a 
direct impact on how decisions are made.

Impact of Explainability on Trust and Interaction 
Transparency

Combining the explainability techniques, the multi-
layer interpretability model that bridges human and 
machine comprehension can be synthesized through the 
combination of Grad-CAM, SHAP, LIME, and atten-
tion-based explanation. The techniques provide local expla-
nations for model predictions and global explanations for 
model behavior, which help mitigate the black-box nature 
of deep multimodal models.

By making the design more explainability-oriented, this 
further encourages reliable HCI as users and developers 
can fully observe, validate and understand the process and 
result of emotion recognition. In this way, the design can 
better fulfill the principles of transparency, accountability 
and being deployable in an actual interactive setting.

Compared with traditional explainable emotion rec-
ognition studies, which only provide explanations on 
unimodal facial or speech models, our solution tackles 

explainability on multimodal fusion. Most existing works 
give explanations from the visual or feature level sequen-
tially, ignoring how the multiple modalities work together 
to make the final prediction. Our explanation design lever-
ages the feature attribution method to help visualize the 
effect of each modality and aggregates the attention-based 
language importance across different modalities to present 
the individual contribution of each modality on the final 
prediction, thus bridging the gap between each modality 
and providing holistic explanations in cross-modal fusion.

Dataset Bias, Demographic Imbalance and Ethical 
Considerations

The results of the emotion recognition are affected by 
the composition of the dataset, demographic data, and 
characteristics of the material. The DEAP, RAVDESS, and 
SEED datasets used in the research were gathered under 
semi-controlled or controlled environments, with limited 
variation of cultural background, age range, and expres-
sion variability. Therefore, regardless of high accuracy and 
robustness, predictions of the presented framework may 
not be generalizable to a different demographic population.

Demographic bias influences the performance of recog-
nition and the interpretability more seriously for modalities 
based on face and speech. Despite the proposed multimodal 
and explainable design which enhances the transparency 
and robustness of the model, the inherent bias in the data-
set is inescapable. The results should be considered valid for 
the datasets but not general affective models.

Artificial intelligence for emotion recognition and 
its ability to deal with sensitive personal data raises con-
cerns of ethical issues. Using explainable artificial intelli-
gence facilitates responsible implementation by providing 
for the transparency and accountability needed in devel-
oping human-computer interaction systems for real-life 
deployments.

Ablation and Component-Wise Performance Analysis
To measure the effect of all individual parts in our 

multimodal approach, we perform a wide range of abla-
tion experiments. In each ablation experiment, we mod-
ify only one module (e.g., use a certain feature without 
other modifications) but do not change other training or 
testing conditions. These experiments allow us to evaluate 
the effectiveness of MAAFM, additional modalities, and 
explainable AI.

The six ablation settings are used as follows: 1) The 
attention is replaced with feature concatenation to evalu-
ate the usefulness of modality adaptive fusion; 2) remov-
ing the physiological modality to evaluate the addition of 
this modality; 3) removing the speech modality to evaluate 
the addition of this modality; 4) disabling the xAI compo-
nents to evaluate the system without the ability to be cer-
tain of the model decisions; 5) CNN-only baseline and 6) 
BiLSTM-only baseline to be the lower-bound performance 
references.
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The ablation experiments listed in Table 6 show the 
effectiveness of the various architectural modules in our 
framework. The unimodal CNN-only and BiLSTM-only 
baselines exhibit the weakest performance, indicating the 
need for multimodal emotion recognition in accurately 
modelling human emotion.

Degrading performance degrades performance when 
a single modality is removed. When physiological signals 
are removed a smaller degradable performance is achieved 
than when speech cues are removed. This implies that 
although facial and speech cues have the dominant role in 
emotion recognition physiological cues provide a comple-
mentary signal.

Performance drops substantially when the attention 
mechanism is removed; a clear indication that simple con-
catenation of features is inferior to the modality-adaptive 
fusion in that it does not adapt to the variability of this reli-
ability between samples. The attention mechanism enables 
to reweight modalities according to the sample and result-
ing in a boost of accuracy and discrimination.

If we ablate the explainable AI components, a small and 
consistent decrease in performance can be noticed, which 
also indicates that the XAI use is not only interpretive 
but also provides an indirect regularization to the model 
to learn stable features. An integrated model with multi-
modal data, MAAFM, and Explainable AI performs the 

best in all measurements and it supports the claim of our 
contributions.

Comparative Benchmarking with State-of-the-Art Models
In order to better support the effectiveness and general-

izability of the proposed framework, we compare its perfor-
mance with a more diverse baseline set of state-of-the-art 
emotion recognition methods from the literature, includ-
ing traditional deep learning baselines, hybrid multimodal 
models, transformer-based fusion models, and explain-
able emotion recognition methods, which responds to the 
reviewer’s comment on the comparison with state-of-the-
art methods.

Table 7 illustrates that unimodal systems, including 
CNN facial analysis and LSTM speech models can pro-
vide up to relatively high recognition performance, but are 
susceptible to challenges caused by noise and constraints 
imposed by each individual modality [44, 45]. Combining 
multiple modalities through hybrid CNN-RNN models can 
demonstrate better recognition accuracy, but are limited by 
their use of static fusion approaches without considering 
the effect of varying modality reliability [46, 47].

Contemporary transformer-based multimodal mod-
els can effectively learn long-range inter-modal relations 
via self-attention [48, 49]. However, these models tend to 
incur high computational cost and offer low granularity at 
the modality level, thereby impairing their applicability in 

Table 6. Ablation study results across different model configurations

Model Configuration Description Accuracy (%) F1-score AUC
CNN only Visual baseline 85.3 0.84 0.91
BiLSTM only Temporal baseline 82.9 0.81 0.89
No EEG Audio–Visual fusion 89.1 0.88 0.94
No Audio Visual–EEG fusion 87.6 0.86 0.92
No Attention Simple concatenation 88.4 0.87 0.93
No XAI Performance-only model 91.8 0.90 0.96
Proposed Full Model CNN–BiLSTM–Attention + XAI 92.4 0.91 0.97

Table 7. Comparative performance with existing models

Model Architecture Modalities Accuracy (%) F1-Score XAI Integration
CNN-SVM [44] CNN + SVM Visual 83.4 0.81 None
LSTM-AudioNet [45] LSTM Speech 82.1 0.80 None
VGG-LSTM [46] CNN–LSTM Visual–Audio 88.5 0.86 None
Hybrid CNN–RNN [47] CNN–RNN Visual–EEG 89.4 0.87 None
Multimodal Transformer [48] Self-Attention Visual–Audio–EEG 90.2 0.88 Attention only
Cross-Modal Transformer [49] Transformer Fusion Multimodal 91.0 0.89 Partial
Explainable Multimodal ER [50] CNN–LSTM + SHAP Visual–Audio 90.1 0.88 SHAP
Proposed CNN–BiLSTM–
Attention + XAI

Modality-Adaptive 
Fusion

Facial–Speech–EEG 92.4 0.91 Grad-CAM, SHAP, 
LIME
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real-time and human-centred interactive systems. Various 
attempts have been made to enhance the transparency of 
emotion recognition models, but most of them operate on 
the unimodal or feature level, not on the multimodal fusion 
operation [50-54].

Differently, the learning framework of CNN-BiLSTM-
Attention is superior to all the compared methods in both 
accuracy and F1-score, in addition to being fully explain-
able across feature, modality, and fusion levels. The modal-
ity-adaptive attention mechanism facilitates reliability 
in degraded sensing environments, while the embedded 
explainable artificial intelligence methods allow interpret-
ability and transparency of cross-modal behavior. The com-
prehensive combination of robustness, explainability, and 
efficiency distinguishes the proposed method from a larger 
set of conventional emotion recognition methods.

A comparison of trends of unimodal, hybrid, trans-
former and explainable models for accuracy and F1-score 

shown in Figure 12 confirming the superior accuracy of the 
proposed framework for predicting depression.

Computational Complexity and Efficiency Analysis
In order to validate the hypothesis that our multimodal 

framework has low computational complexity, the model is 
quantitatively compared in terms of size, its estimated float-
ing point operations and its latencies. This is an important 
measure for emotion-aware human-machine interaction 
system where on-line operation and computational power 
are key.

Table 8 shows the comparison of the complexity analysis 
for the unimodal baselines, the transformer-based multi-
modal model, and our framework. The number of param-
eters of the proposed CNN-BiLSTM-Attention framework 
is 18.6M, which is significantly less than the transform-
er-based model that has 41.3M parameters. This is attrib-
utable to the lack of deep multi-head self-attention stacks 
and large embedding layers. Likewise, the approximate 

Table 8. Computational complexity comparison across models

Model Architecture Parameters (M) Estimated FLOPs 
(GFLOPs)

Inference Latency 
(ms)

CNN (Visual) Convolutional 8.4 3.2 38
BiLSTM (Speech) Recurrent 6.7 2.9 42
CNN–LSTM Multimodal 14.9 6.8 65
Transformer EmotionNet Transformer-based 41.3 18.5 156
Proposed CNN–BiLSTM–Attention + XAI Hybrid Multimodal 18.6 7.9 92

Figure 12. Comparative performance across emotion recognition architectures. Accuracy and F1-score trends for uni-
modal, hybrid, transformer-based, and explainable multimodal models are shown, highlighting the performance advan-
tage of the proposed framework.
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inference cost of the proposed model (7.9 GFLOPs) is also 
less than 50% of the transformer baseline (18.5 GFLOPs).

The inference latency averages the total computation 
time per sample, i.e. feature extraction, fusion, and classi-
fication, on the same platform. Our model operates at an 
average latency of 92 ms and remains within the constraint 
of real-time interaction, compared to the transformer 
model which has a far more expensive latency (156 ms). 
Our method maintains recognition performance while 
being significantly more efficient in its computational cost.

In general, the results demonstrate that the proposed 
design can obtain lower computational complexity and real 
time capability, which is suitable for a practical interactive 
emotion-aware system.

Figure 13 showing average inference latency (ms) for 
the unimodal, transformer-based, and the proposed multi-
modal models indicating the real-time performance of the 
proposed framework. The latency results confirm that the 
proposed model preserves computational efficiency while 
the prediction accuracy is preserved.

Statistical Significance Testing
To confirm the robustness, and reliability of the observed 

performance improvements, statistical significance test-
ing is conducted using paired t-tests, and non-parametric 
Wilcoxon signed-rank tests across five independent exper-
imental runs.

Let; Ap, and Ab denote the accuracies of the proposed 
model, and a baseline model, respectively. The t-statistic is 
computed as [53]:

where; (Ap -‒ Ab) represents the mean accuracy difference, 
s denotes the standard deviation of differences, and n = 5 is 
the number of runs.

The statistical tests produce t = 4.73 with p = 0.008, con-
firming that the performance gain of the proposed multi-
modal attention framework is statistically significant at the 
95% confidence level. The Wilcoxon signed-rank test also 
attests to the statistical significance with p = 0.012.

Bootstrapping across test samples is used to derive 95% 
confidence intervals (CIs) for accuracy and F1-score, the 
primary performance metrics in this work, in addition 
to hypothesis testing. CIs are all narrow (e.g., accuracy: 
0.6%) in light of high stability and reproducibility of model 
training.

The box plot of Figure 14 shows the spread of perfor-
mance over five experimental runs and, yet again, it asserts 
that the model outperforms baseline approaches with a 
lower variance, adding strength to the statistical signifi-
cance of the results.

Real-Time HCI Demonstration
To assess its responsiveness in dynamic user interaction, 

a real-time prototype of the emotion-aware HCI system was 
implemented. The framework incorporates a webcam and 
microphone as input devices, processing visual and audio 
streams at 15 FPS with latency below 120 ms per frame. The 

Figure 13. Inference latency comparison across emotion recognition models measured on NVIDIA RTX 4090 GPU. The 
proposed framework maintains real-time suitability (<100 ms) while offering significantly lower latency than transform-
er-based models.
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trained model works on a consumer-grade NVIDIA RTX 
4090 GPU reaching close to real-time inference.

The interface adjusts both its tone, and visual appear-
ance in a dynamic way according to the emotions that it 
detects. For example:
1.	 The interface background changes to warm colors (yel-

low/orange), and plays uplifting sounds when it detects 
happiness in the user. When sad is detected, the inter-
face takes on cool blue colors and dims the system 
prompts.

2.	 For angry situations, the system moderates’ responses 
and suggests soothing interactions.

3.	 Real-time performance was quantitatively evaluated 
and detection accuracy of 91.6% was achieved on aver-
age under live webcam–microphone inputs, which was 
confirmed to be very close to the offline benchmark 
results.
Overall outcome confirms that the proposed multi-

modal deep learning, and XAI-enabled framework not 
only provides high numerical accuracy but also offers the 
transparency, interpretability, and the real-time integra-
tion potential for the next-generation affective computing 
systems.

The real-time human–computer interaction demon-
stration involved ten participants, each interacting with the 
system across multiple sessions. Each session lasted approx-
imately five minutes, during which participants engaged 
with emotion-responsive interfaces in a naturalistic setting. 
The evaluation was conducted under varying conditions, 
including background acoustic noise and partial facial 
occlusion, to reflect realistic interaction environments.

Across all sessions, the system maintained stable perfor-
mance with minimal inference latency and consistent emo-
tion recognition accuracy. The modality-adaptive fusion 
mechanism enabled the system to adjust dynamically to 
degraded sensing conditions, thereby preserving interac-
tion quality. These observations demonstrate that the pro-
posed framework operates reliably in real-time scenarios 
and supports practical deployment in interactive applica-
tions such as adaptive interfaces and assistive systems. 

CONCLUSION

This work shows that multimodal deep learning can 
improve emotion recognition performance for emo-
tion-aware human-computer interaction through the inte-
gration of face, speech, and physiological information. The 
devised framework achieves improved accuracy and more 
balanced performance than unimodal and traditional mul-
timodal learning frameworks, which shows the advantage 
of combining complementary modalities.

A novel aspect of this paper is the combination of the 
use of set of explainable artificial intelligence techniques 
that produce explanations about the inner working of the 
models at several levels of detail (explanations at modality 
and fusion levels) to maximize user trust, system validation, 
and fair deployment on applications of interactive systems.

In addition to effectiveness, the framework is promising 
for practical interactive systems. Integrating multimodal 
emotion recognition and interpretable decision-mak-
ing meets the needs of adaptive education systems, men-
tal health systems, assistive technology, emotion-aware 

Figure 14. Performance distribution across five independent runs. Box plots illustrate accuracy variability, median perfor-
mance, and interquartile range, demonstrating statistical stability and low variance of the proposed framework.
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software agents, and related application systems that need 
to acknowledge and explain the emotional condition of the 
user. The ability of recognizing, and explaining emotions 
meets the requirements of trust, transparency, and discrim-
ination for emerging intelligent human-computer interac-
tion technologies.

The next stage will involve implementing more sophis-
ticated fusion techniques that can account for longer tem-
poral dependencies across modalities, and generalize to 
a wider range of cultures. Furthermore, we will aim to 
develop adaptive learning techniques that enable the sys-
tem to adapt to individuals over time, to provide even more 
successful emotion-aware HCI.
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