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Abstract

Reliable emotion recognition is essential for affective computing, mental
health monitoring, and intelligent human—computer interaction; howeuver,
unimodal approaches remain wvulnerable to environmental noise, signal
uncertainty, occlusion, and ambiguity in human emotional expression. This
study proposes a realtime multimodal deep learning framework that
integrates facial video, wocal signals, and physiological measurements,
including electroencephalography, electrocardiography, and galvanic skin
response. The proposed architecture employs modality-specific feature
learning, where facial dynamics are extracted through convolutional and
temporal convolutional layers, vocal characteristics are modelled using a
CNN-BiLSTM network, and physiological patterns are captured using one-
dimensional convolution and temporal transformer modules. A cross-modal
multihead attention mechanism adaptively integrates heterogeneous
representations, while contextual conditioning improves temporal affective
modelling. The framework was evaluated wusing seven experimental
configurations, including three unimodal, three bimodal, and one trimodal
architecture, through comparative performance analysis, component-level
ablation, confusion matrix evaluation, ROC-AUC assessment, and
inference latency measurement.

The proposed trimodal framework achieved an accuracy of 91.7%,
outperforming facial-only (76.4%), vocal-only (71.8%), and physiological-only
(68.3%) models. Bimodal fusion achieved accuracies of 84.2% for facial-
vocal, 82.6% for facial-physiological, and 79.5% for vocal-physiological
combinations. Replacing adaptive attention fusion with conventional feature
concatenation reduced accuracy to 85.9%, demonstrating the contribution of
cross-modal attention learning. Ablation experiments further confirmed the
of physiological temporal modelling, sequential

importance vocal
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representation, facial alignment, and contextual refinement. The final model
achieved macro precision, recall, and F1-scores of 0.889, 0.873, and 0.881,
respectively, with a macro-ROC-AUC of 0.953. The framework contains

approximately 21.3 million trainable parameters and processes each analysis

window within 47 ms. The findings demonstrate the effectiveness of attention-

driven multimodal fusion for robust emotion recognition while emphasizing

the importance of further wvalidation under diverse realworld conditions,

privacy-preserving learning strategies, and cross-subject evaluation.

L Introduction

Human emotion is a continuous, multi-channel
signal that unfolds simultaneously across the
face, the voice, and the body, and any system
that attempts to read only one of these channels
inevitably discards information that the others
carry. Facial expressions convey rapid, socially
shaped displays that can be deliberately
controlled or suppressed; vocal prosody carries
paralinguistic cues such as pitch, energy, and
rhythm that are harder to mask; and
physiological signals such as brain electrical
activity, cardiac rhythm, and skin conductance
reflect autonomic nervous system responses that
occur largely outside conscious regulation. The
convergence of these three channels has long
been recognized in affective science as the most
complete available proxy for internal emotional
state, yet most computational emotion
recognition systems still rely on a single
modality, most commonly facial video, because

it is the easiest to collect and label at scale. This
reliance on unimodal evidence introduces a
structural fragility: a system trained on facial
expression alone degrades sharply under partial
occlusion, poor lighting, camera angle variation,
or deliberate expression masking, while a system
trained on speech alone is vulnerable to
background noise, overlapping speakers, and the
fact that many people express strong emotion
with very little vocal change. Physiological
signals avoid the problem of voluntary masking
but are themselves sensitive to motion artifact,
placement, and individual
physiological baseline differences. No single
channel is therefore sufficient on its own, and

electrode

the case for multimodal fusion follows directly
from the complementary error patterns of the
three channels rather than from any single
modality being demonstrably superior to the
others.
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Fig. 1. Conceptual overview of complementary facial, vocal, and physiological evidence fused through
cross-modal attention to support mental health monitoring and adaptive human-computer
interaction.

The practical stakes of this problem have grown
considerably as affective computing has moved
from a laboratory curiosity into applications
with direct consequences for wellbeing and
safety. In mental health monitoring, continuous
and objective tracking of emotional state offers a
route toward early detection of mood
disturbance, anxiety escalation, and depressive
withdrawal that does not depend entirely on
episodic selfreport or infrequent clinical
contact. In  human-computer interaction,
systems that can sense frustration, confusion, or
disengagement in real time can adapt their
pacing, tone, or level of support, moving
interfaces away from static, one-size-fits-all
designs and toward responsive systems that treat
the user's affective state as a first-class input. In
both domains, the cost of misclassification is not
merely inconvenience but potential harm: a
monitoring system that misses genuine distress,

or an interactive system that misreads calm
engagement as agitation, can erode trust and, in
clinical contexts, delay appropriate intervention.
These stakes place a premium on recognition
frameworks that are both accurate and robust to
the imperfect, noisy conditions of naturalistic
use, which is precisely the condition under
which unimodal systems are weakest and
multimodal  fusion is
positioned to help.

theoretically  best

Despite this motivation, existing multimodal
emotion recognition research has been slow to
converge on architectures that combine facial,
vocal, and physiological evidence within a single,
jointly trained, realtime framework. A
substantial portion of the published literature
restricts itself to bimodal combinations, most
often facial and vocal or facial and textual
signals, because physiological recordings require
specialized acquisition hardware and tightly
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synchronized data collection protocols that are
more difficult to assemble than audiovisual
corpora scraped from broadcast or online media.
Where physiological signals are included, fusion
is frequently performed through simple feature
concatenation or late-stage decision averaging
rather than through mechanisms that allow the
modalities to inform one another during
representation learning. This matters because
concatenation-based fusion treats every modality
as equally and uniformly informative at every
moment, when in practice the relative reliability
of facial, vocal, and physiological evidence shifts
continuously  depending  on lighting,
background acoustic conditions, motion, and
the emotional state itself. A framework that can
learn to weight modalities adaptively, rather
than fusing them with fixed rules, has the
potential to recover much of the accuracy lost
when any one channel becomes temporarily
unreliable, but demonstrating this potential
requires an architecture explicitly built around
cross-modal attention together with a rigorous
ablation methodology capable of isolating the
contribution of each architectural component.

This study addresses that gap by proposing and
evaluating a real-time multimodal deep learning
framework that fuses facial video, vocal audio,
and  physiological recordings comprising
electroencephalography, electrocardiography,
and galvanic skin response through a cross-
modal multi-head attention mechanism. The
framework is organized around modality-specific
encoders that are individually suited to the
temporal and spatial structure of each signal
type: convolutional and temporal convolutional
layers extract facial dynamics, a convolutional-
recurrent architecture extracts vocal prosodic
structure, and a combination of one-
dimensional convolution and a temporal
transformer extracts physiological dynamics.
The resulting modality-specific embeddings are
combined through cross-modal attention rather
than concatenation, and a subsequent
contextual conditioning stage refines the shared
affective representation before a dual-output
head produces both a discrete categorical
emotion label and continuous valence-arousal
estimates. This dual-output design reflects the
recognition, well established within affective
computing, that categorical emotion labels and

dimensional valence-arousal coordinates capture
complementary aspects of emotional experience
and that a framework intended for both mental
health monitoring and interactive applications
benefits from being able to report both.

The central research question guiding this work
is whether adaptive, attention-based fusion of
facial, vocal, and physiological signals yields a
measurable and reproducible improvement in
recognition accuracy and robustness over
unimodal and simple bimodal alternatives, and
whether that improvement is large enough and
the resulting system fast enough to justify the
additional acquisition and computational
burden of a trimodal pipeline in real-world
deployment. To answer this question, the
framework was evaluated under seven distinct
configurations  spanning three unimodal
baselines, three bimodal fusion pairings, and the
complete trimodal architecture, supplemented
by a systematic componentlevel ablation study
that removes individual architectural elements,
including the physiological transformer branch,
the vocal recurrent branch, facial alignment pre-
processing, cross-modal attention itself, and
contextual conditioning, to quantify each
element's individual contribution. Performance
was assessed through classification accuracy,
macro-averaged precision, recall, and Fl-score,
receiver operating characteristic  analysis,
confusion pattern inspection, and inference
latency measurement, providing a
multidimensional picture of both what the
framework achieves and where its remaining
weaknesses lie.

The remainder of this paper is organized as
follows. Section Il reviews the existing literature
on unimodal and multimodal emotion
recognition, situates the proposed framework
relative to prior fusion strategies, and identifies
the specific methodological gaps the present
study is designed to close. Section III describes
the research methodology, including the overall
system architecture, modality-specific pre-
processing and encoding strategies, the cross-
modal attention fusion mechanism, and the
experimental design used to compare
configurations  and  isolate  component
contributions. Section IV presents the results of
the classification, ablation, confusion, ROC-
AUC, and latency analyses, together with a
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detailed discussion of what these findings reveal
about the behavior of attention-based
multimodal fusion. Section V presents the
conclusions that follow from the study. Section
VI discusses the broader implications of the
findings and outlines directions for future work,
including cross-subject generalization,
robustness to imperfect synchronization, and
the ethical and privacy considerations that
accompany continuous affective monitoring.
The paper closes with a complete IEEE-
formatted reference list documenting the
scholarship that informs the study's motivation
and design.

2. Literature Review

Research on automated emotion recognition
has followed a broadly linear progression,
beginning with unimodal facial and vocal
classifiers, extending into physiological signal
analysis as wearable sensing matured, and only
recently converging on frameworks that attempt
to fuse two or more of these channels within a
single Udahemuka,
Djouani, and Kurien [1] provide one of the most
comprehensive syntheses of this

learned  architecture.

recent

trajectory, reviewing visual, vocal, and
physiological ~ approaches  together  and
concluding that fine-grained and spontaneous
emotional expression remains poorly captured
by systems trained predominantly on posed,
singlemodality datasets, a conclusion that
directly motivates the trimodal, spontaneity-
oriented design pursued in the present study.
Gladys and Vetriselvi [27] reach a similar
conclusion from a survey perspective,
cataloguing the rapid diversification of fusion
strategies while noting that comparative
evaluation across studies rtemains difficult
because few works report unimodal, bimodal,
and full multimodal results under a single
consistent experimental protocol, a gap the
present study addresses directly through its
seven-configuration comparative design.
Geetha, Mala, Priyanka, and Uma [28] extend
this observation by arguing that the field has
advanced considerably in model sophistication
while lagging in standardized
methodology, leaving open questions about
which architectural components actually drive
reported gains rather than simply correlating
with larger parameter counts or richer datasets.

ablation

Multimodal Emotion Recognition Literature

(A Systematic Review Taxonomy)

v : v ¥
~ Unimodal Approaches Fusion-Mechanism Approaches Robustness and Deployment Considerations
(Single-modality emotion recognition) (Combining multiple modalities) (Real-world challenges and applications)
]\ Facial || Vocal Physiological || Textual Behavioral Boo‘::l:ks J [ Fusion Levels ” Fusion Strategies H.\r‘lodcl Architectures Dnhchdkngq[ Model nohus:ms-ll Deployment [thicsandSndﬂy’
Data-level Feature Traditional G e =
Handcrafted Acoustic G Lexical e Thermal > J (e Crosscultural | | Real-time Privacy and
i s FEG s Body gestur i fusion concatenation ML models M ™™ P senenlizaion inference J\ security |
I
Attention-based ( (
S TR Deep neural rra
Deep leamning G Syntactic Head pose Eve tracki Feature-level . Missing Subject Edge and mobile | |.]
Todels ECG e e bl fusion networks Y modiites | (¥ independent | (o PESNMOBIE | Lyl Eubical use
J modeling gk (
Graph-based = — = =
ecii Jkaiig pmantic Posi epth sensors fusio ransformer — —
Facial landmarks. ~ Deep leaming GSR Semantic Postureand  Depth sensor Decision-level g oddh | imbatanced Atversarial Model Bias and
models features movement (LIDAR) bl »
classes robustness compression | faimess |
/ — = ¢
- fusion Graph neural -
e Speaker . Keystroke ultime IN|
oovs | (2 | [T | [ | [ e | [ T e e :
information e analysis dynamics wearables iz Pl Ty | [ Noieresitance | ¥ ipplomccinion Explainability
Mg Multimodal —
Video-based  Emotion from s Pre-traiped Mouse/touch  Enviroamental 2 y foundation models ( 2 WE 5 11f ] ]
PPG Late/early Modality Subjectivity Uncertainty : |
modeling prosody language models  behavior context fusion weighting - [ imacmotations | "] enimetion Sclebiiny | ¥ “reraccephmce
Self-supervised e 2 = =
leamning =
In-the-wild Speech + Otter Diakogue and | Human-object Social Hierarchical Missing-modalicy — ( X | |
recognition  paralinguistics biosignals | conlext modeling| interactions _ interactions iy handling Comsive > Domainshift | .  Domain Continvous | [} Regulatory
2 s | adapiation learming | compliance |
= g
Generative
I models
[ Unimodal Datasets and Benchmarks ] | Datasets and i ]
| 3
*’[ Multimodal Emotion Recognition Systems ]‘
‘ 7 = i —
[ Evaluation Metrics ] [ Applications ] Future Research Directions
— i ¥
g B i ! ! 3= + ' + ' ] ! . v
e # . Real-time. Mental [ Human-computer || Education Affective Driver monitoring || Healthcare Marketing and l Generalizable Maltmodal Lifelong. Standardized Real-workd
LY El-econ ‘ AUC MAE ‘ performance bealth mnitoring ‘[ nter } and e-leaming robatics and safety J\ and clderly care || customer analysis models foundation models. learning benchmarks valdation
—-— —J - —J —_— L BENLASS

Fig. 2. Taxonomy of the reviewed multimodal emotion recognition literature, organized by
unimodal approaches, fusion-mechanism approaches, and robustness and deployment

considerations.
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Within the facial modality specifically, deep
convolutional and temporal architectures have
substantially outperformed earlier geometric
and appearance-based feature engineering
approaches. Zhang, Li, Wang, Cambria, and Li
[9] demonstrate that reinforcement learning
combined with domain knowledge can improve
real-time video emotion recognition by allowing
the model to selectively attend to informative
temporal segments rather than treating every
frame with equal weight, an insight that informs
the temporal convolutional design adopted for
the facial branch of the proposed framework.
Tran and Soleymani [15] show that pre-trained
audio-visual transformers transfer effectively to
emotion recognition tasks, suggesting that
transformer-style temporal modeling, originally
developed for language and general sequence
tasks, generalizes well to affective signal
processing when adapted with appropriate
positional and modality-specific conditioning.
Chudasama, Kar, Gudmalwar, Shah, Wasnik,
and Onoe [38] propose a multimodal fusion
network for emotion recognition  in
conversation that explicitly separates modality-
specific feature extraction from a subsequent
fusion stage, a separation of concerns that the
present framework also adopts, though the
proposed architecture replaces the fusion stage
with cross-modal attention rather than the
simpler fusion operators used in earlier
conversational emotion recognition work.

Speech emotion recognition has undergone a
comparable transition toward attention-based
and  transformer-influenced  architectures.
Singh, Sahidullah, and Saha [14] show that
modulation spectral features, when paired with
deep neural networks, capture prosodic
regularities that traditional spectral features
under-represent, reinforcing the importance of
prosody-aware feature extraction ahead of any
fusion stage. Morais, Hoory, Zhu, Gat,
Damasceno, and Aronowitz [17] demonstrate
that selfsupervised speech representations
improve emotion recognition performance
without requiring large labeled emotional
speech corpora, a finding with direct relevance
to real-world deployment where labeled affective
speech remains scarce relative to labeled
affective facial imagery. Khan, Gueaieb, El
Saddik, and Kwon [10] propose a cross-attention

deep fusion architecture for speech emotion
recognition that anticipates several elements of
the present framework's fusion design, while
Mustageem, El Saddik, Alotaibi, and Pham [11]
introduce an attention-based deep echo state
network for end-to-end emotion detection from
speech, illustrating the range of recurrent and
attention-based alternatives available for the
vocal encoding branch. Liu, Sun, Guan, Xia,
and Zhao [24] combine self-attention with a
multi-scale fusion framework specifically for
speech, reporting that multi-scale temporal
representations capture both short-duration
phonetic emotional cues and longer-duration
prosodic contour changes, a dual-scale
consideration reflected in the convolutional-
recurrent design of the vocal branch used here.
Wu, Yue, Qu, Li, and Ruan [18] and Varshney,
Dey, Gulati, and Vishwakarma [20] both report
that combining multiple acoustic feature
families through cross-modal or self-attention
mechanisms consistently outperforms single-
feature-family baselines, further supporting the
decision to encode vocal prosody through a
learned architecture rather than a fixed hand-
engineered feature set.

Physiological signal-based emotion recognition
has matured considerably alongside advances in
wearable sensing and temporal deep learning.
Cheng, Bu, Wang, Yang, and Tu [5] propose a
multi-scale dynamic convolutional and gated
transformer architecture for
electroencephalography-based emotion
recognition, reporting that combining local
convolutional feature extraction with global
transformer-based temporal modelling improves
discrimination of subtle affective states relative
to either mechanism alone, a design principle
directly reflected in the physiological branch of
the proposed framework, which likewise
combines one-dimensional convolution with a
temporal transformer. Ding, Zhang, Tang, and
Guan [37] introduce a multi-anchor space-aware
temporal convolutional network for continuous
and discrete electroencephalography emotion
recognition, demonstrating that anchor-based
temporal segmentation improves sensitivity to
gradual affective transitions, a consideration
relevant to real-time monitoring applications
where emotional state evolves continuously
rather than in discrete labeled episodes. Liao,
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Gao, Wang, Zhang, Xu, and Wu [4] report that
ensemble learning over multiple physiological
parameters, including cardiac and electrodermal
measures, improves robustness to individual
differences in physiological baseline, an
important consideration given the well
documented variability in autonomic response
across individuals. Almadhor, Sampedro,
Abisado, Abbas, Kim, Khan, Baili, and Cha [29]
demonstrate that federated learning can be
applied to wrist-based electrodermal activity
monitoring for stress detection, pointing toward
privacy-preserving training strategies that could
eventually be paired with the centralized
architecture evaluated in the present study.
Ghosh, Kim, Ijaz, Singh, and Mahmud [30]
show that image-encoding transformations of
physiological time series, converting one-
dimensional signals into two-dimensional
representations suitable for convolutional
processing, improve classification of mental
stress states, an alternative representational
strategy to the direct one-dimensional
convolutional approach adopted here but one
that indicates the flexibility available in
physiological signal encoding.

The specific problem of combining these
modalities through learned fusion mechanisms,
rather than simple concatenation or decision
averaging, has attracted increasing attention in
the past three years. Zhao, Wang, Shen, Xu, and
Zhang [2] propose a transformer-based deep-
scale fusion network that performs multimodal
emotion recognition through hierarchical cross-
scale attention, reporting substantial gains over
single-scale fusion baselines and providing direct
empirical support for the deep-scale, multi-stage
fusion philosophy adopted in the present
framework. Li, Wang, Liu, and Zeng [6]
introduce a cross-modal fusion network with
explicit emotion-shift awareness, demonstrating
that fusion mechanisms sensitive to temporal
changes in emotional state outperform fusion
mechanisms that treat each time window
independently, a finding that motivates the
contextual conditioning stage placed after cross-
modal attention in the proposed architecture.
Hou, Zhang, Liu, and Lu [7] propose a semantic
alignment network that explicitly aligns
modality-specific representations into a shared
embedding space prior to fusion, addressing the

well-known problem that facial, vocal, and
physiological encoders naturally produce
embeddings  with different  statistical
distributions and temporal granularities. Yang,
Huang, Liu, and Zhang [8] report that
contextual and  cross-modal  interaction
mechanisms for multi-modal speech emotion
recognition outperform static fusion baselines
by allowing earlier time steps to inform the
interpretation of later ones, reinforcing the
value of temporal context modeling within the
fusion stage itself rather than treating fusion as
a purely instantaneous operation.

Several studies specifically interrogate the
mechanics and limitations of attention-based
fusion, providing methodological guidance for
the ablation strategy adopted in the present
work. Yu, Xu, Yuan, and Wu [21] introduce the
concept of a multimodal information
bottleneck, arguing that effective fusion
architectures should learn minimal sufficient
representations from each modality rather than
simply concatenating high-dimensional
embeddings, a principle reflected in the
dimensionality reduction applied before cross-
modal attention in the proposed framework. Xia
and Zhao [22] examine cross-modal background
suppression in the related task of audio-visual
event localization, showing that attention
mechanisms can inadvertently amplify noisy or
irrelevant modality signals if not explicitly
regularized, a risk that motivated the inclusion
of contextual conditioning as a corrective stage
after initial cross-modal attention in the present
architecture. Yang, Liu, Huang, Li, Zhao, Wang,
Yang, Wang, Zhai, and Zhang [23] study target
and source modality co-reinforcement for
emotion understanding from asynchronous
multimodal sequences, directly addressing the
temporal misalignment problem that arises
when facial, vocal, and physiological signals are
sampled at different native rates, a challenge
explicitly handled through the temporal
synchronization stage of the proposed pre-
processing pipeline. Wang, Cao, Zhao, Chen,
Yan, and Zhang [13] propose a missing-modality
robust framework using iterative data
augmentation, addressing the practical reality
that  realworld multimodal deployment
frequently encounters sensor dropout or
occlusion in one or more channels, a robustness
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consideration that informs the unimodal and
bimodal baseline comparisons reported in the
present evaluation.

Fusion research situated within dialogue and
conversational  settings  offers  additional
architectural precedent even though the present
study targets single-user affective monitoring
rather than multi-party dialogue. Shou, Meng,
Zhang, Yin, and Li [25] propose an adversarial
alignment and graph fusion framework guided
by an information bottleneck objective for
multimodal emotion recognition in
conversation, reporting that graph-structured
fusion captures inter-modal dependencies that
flat concatenation misses. Ai, Shou, Meng, and
Li [26] extend this line of work with a dialogue
and event relation-aware graph convolutional
network, further demonstrating the value of
structured, relationally aware fusion
mechanisms over unstructured concatenation.
Wang, Zhang, Liu, Wu, Hu, Yu, and Wang [12]
propose a dynamic emotion-dependent network
with relational subgraph interaction, reinforcing
the broader trend across this literature toward
fusion mechanisms that model relationships
between modalities explicitly rather than
treating  fused  representations as  an
undifferentiated concatenated vector. Nguyen,
Nguyen, and Pham [16] contribute a fuzzy-set
based method for determining the optimal
number of clusters, a methodological tool
relevant to the exploratory analysis of learned
embedding structure that supports the
interpretability claims made about the fused
representation in the present framework's
results.

Recent advancements in artificial intelligence,
deep learning, and intelligent sensing
technologies have significantly improved the
development of automated monitoring,
prediction, and decision-support systems. Deep
learning-based healthcare frameworks have
demonstrated the ability to extract complex
patterns from medical and physiological
datasets, enabling accurate analysis, early
detection, and real-time clinical decision support
[34,35]. Similarly, the integration of artificial
intelligence with loT-enabled sensing systems
has provided continuous data acquisition,
intelligent monitoring, and predictive analysis
capabilities through heterogeneous sensor

information [37,38]. Hybrid Al frameworks
incorporating advanced feature extraction and
temporal learning mechanisms have further
enhanced the modelling of complex sequential
data and improved prediction performance in
dynamic environments [36]. Moreover, edge-
computingbased Al solutions have been
investigated to reduce processing delays and
support real-time decision-making in intelligent
applications  with  limited computational
resources [33]. Although these studies
demonstrate the effectiveness of Al-driven
approaches for monitoring and prediction tasks,
most existing frameworks focus on specific
application domains or individual data
modalities.  Therefore, a  comprehensive
multimodal ~ deep  learning  framework
integrating facial, vocal, and physiological
signals with adaptive fusion strategies is required
to achieve robust emotion recognition, mental
health monitoring, and intelligent human-
computer interaction.

Taken together, this body of literature
establishes three converging conclusions that
directly shape the research methodology
adopted in this study. First, unimodal systems,
whether facial, vocal, or physiological,
consistently underperform
alternatives when spontaneous rather than
posed emotional expression is evaluated,
confirming the motivation for a trimodal design.
Second, the specific mechanism used to
combine modalities matters considerably more
than simply increasing the number of modalities
included, with cross-modal attention, semantic
alignment, and information-bottleneck-guided
fusion each reported to outperform naive
concatenation in their respective studies. Third,
very few existing studies report a full
comparative sweep across unimodal, bimodal,
and trimodal configurations alongside a
systematic component-level ablation, meaning
that the individual contribution of each
architectural element, including attention itself,
alignment pre-processing, and contextual
conditioning, is rarely isolated and quantified
within a single consistent experimental protocol.
The present study is designed specifically to close
this last gap by evaluating seven configurations
and five ablation variants under one unified
experimental design, providing the field with a

multimodal
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more complete accounting of where the
performance gains attributed to multimodal
fusion actually originate.

Table I summarizes representative studies from
this literature according to the modalities

employed, the fusion strategy adopted, and the
general performance pattern reported, situating
the present framework relative to the surveyed

body of work.

Table 1. Representative Multimodal Emotion Recognition Studies by Modality and Fusion Strategy

Reported Performance

Stud Modalities Employed Fusion Strat
udy odalities Employe usion Strategy Pattern
Spont i
Udahemuka et | Visual, vocal, Narrative synthesis, no pon. aheous expression
, ) ) _ ; remains harder than posed
al. [1], 2024 physiological (review) | single architecture

expression across studies

Zhao et al. [2],
2023

Audio, visual

Transformer-based deep-
scale fusion

Hierarchical cross-scale fusion
outperforms single-scale fusion
baselines

Li et al. [6],
2024

Text, audio, visual
(dialogue)

Cross-modal fusion with
emotion-shift awareness

Temporal-shift-sensitive fusion
outperforms static fusion

Hou et al. [7],
2023

Audio, visual

Semantic alignment prior
to fusion

Aligning embedding spaces
before fusion improves
accuracy

Cheng et al. [5],
2024

EEG

Multi-scale dynamic
CNN with gated

transformer

Local plus global temporal
modeling improves subtle-state
discrimination

Khan et al. [10],

Speech (multi-feature)

Cross-attention deep

Cross-attention exceeds single-

2024 fusion feature acoustic baselines
. . [terative augmentation
Wang et al. [13], o Missing-modality robust
Audio, visual, text preserves accuracy under
2022 framework

sensor dropout

Proposed . Cross-modal multi-head | Trimodal attention fusion
Facial, vocal, . )
Framework, EEG/ECG/GSR attention + contextual exceeds all unimodal and
2026 conditioning bimodal baselines
3. Research Methodology specific pre-processing appropriate to facial

The research methodology adopted in this study
was designed around a single guiding principle:
that the individual contribution of every
architectural decision, from modality selection
through fusion mechanism to
refinement,  should be  independently
measurable rather than assumed. This principle
shaped both the structure of the proposed
framework and the design of the experimental
protocol used to evaluate it. The overall
approach proceeds through four stages. The first
stage establishes temporally synchronized
multimodal data streams and applies modality-

contextual

video, vocal audio, and physiological recordings.
The second stage encodes each pre-processed
modality into a fixed-dimensional embedding
using an architecture matched to that modality's
temporal and spatial characteristics. The third
stage fuses the three modality-specific
embeddings through cross-modal multi-head
attention followed by a contextual conditioning
refinement. The fourth stage passes the fused
representation through a dual-output head that
simultaneously predicts a discrete emotion
category and
coordinates. Each of these stages is described in

continuous  valence-arousal
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turn,

followed by a description of the

comparative and ablation experimental design
used to evaluate the framework.
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Fig. 3. End-to-end system architecture of the proposed framework, from synchronized multimodal
acquisition through modality-specific encoding, cross-modal attention fusion, contextual
conditioning, and dual-output emotion prediction.

Data acquisition and temporal synchronization
formed the foundation of the methodology,
since any error introduced at this stage
propagates through every subsequent processing
step. Facial video was captured at a standard
frame rate suitable for expression dynamics,
vocal audio was recorded at a sampling rate
sufficient to preserve prosodic and spectral
detail, and physiological signals, comprising
electroencephalography, electrocardiography,
and galvanic skin response, were recorded
through dedicated sensor channels at their
respective native sampling rates. Because these
three data streams originate from different
acquisition hardware operating at different
native rates, a synchronization stage aligned all
streams to a common analysis window using
timestamp-based interpolation, ensuring that
each analysis the
downstream encoders corresponded to the same
underlying temporal segment of emotional
expression across all three modalities. This
synchronization step was treated as a first-class
component of the methodology rather than an

window presented to

incidental ~ pre-processing  detail,  since
misalignment between modalities has been
identified in prior work as a significant source of
fusion error, particularly when facial expression
onset and vocal prosodic change do not occur
simultaneously due to natural variation in
individual expressive style.

Modality-specific ~ pre-processing  followed
synchronization and was tailored to the distinct
characteristics of each signal type. Facial video
underwent face detection, landmark
localization, and geometric alignment to
normalize for head pose and scale variation
before frame sequences were passed to the facial
encoder, ensuring that the encoder's learned
representations reflected genuine expressive
variation rather than incidental pose or framing
differences. Vocal audio underwent standard
acoustic  pre-processing  including
suppression and extraction of a prosody-aware
spectral representation that preserved pitch,

noise

energy, and rhythm information while
remaining computationally efficient enough for
real-time processing. Physiological signals
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underwent channel-specific filtering to remove
baseline drift and motion artifact, followed by
normalization to account for individual
differences in resting physiological baseline, a
step considered essential given the substantial
inter-subject  variability = documented in
autonomic nervous system research.

The facial encoding branch combined
convolutional layers, which extract spatial
features from individual frames such as facial
action unit intensity and localized muscle
movement, with temporal convolutional layers,
which capture how these spatial features evolve
across the analysis window. This combination
was chosen over purely recurrent alternatives
because temporal convolutional architectures
process the full input window in parallel rather
than sequentially, substantially reducing
inference latency, a critical consideration given
the real-time operational requirement placed on
the overall framework. The convolutional layers
were structured in a hierarchical fashion, with
earlier layers capturing fine-grained local texture
and later layers capturing broader configural
facial  structure, while the temporal
convolutional layers used dilated receptive fields
to capture both rapid micro-expression
dynamics and slower, more sustained expressive
changes within a single architectural pathway.
The vocal encoding branch employed a
convolutional neural network followed by a
bidirectional long shortterm memory layer, a
combination selected to capture both local
spectral patterns, such as short-duration formant
structure, and longer-range prosodic contour
information that unfolds across an entire
utterance or analysis window. The convolutional
component operated over the prosody-aware
spectral representation to extract localized
acoustic features, while the bidirectional
recurrent component modeled how these
features evolved forward and backward in time,
allowing later time steps to inform the
interpretation of earlier ones and vice versa. This
bidirectional design was particularly important
for capturing vocal cues such as rising or falling
pitch contours that only become interpretable
once a sufficient span of the utterance has been
observed.

The physiological encoding branch combined
one-dimensional convolutional layers with a

temporal transformer. The one-dimensional
convolutional layers extracted local
morphological features from each physiological
channel independently, such as characteristic
waveform shapes in the cardiac signal and short-
duration amplitude fluctuations in the
electrodermal signal, while the temporal
transformer modeled longer-range dependencies
and cross-channel relationships among the three
physiological signal types using self-attention
over the convolutional feature sequence. This
architectural choice reflected the recognition
that  physiological =~ emotional  responses
frequently unfold over longer timescales than
facial or vocal expression, with autonomic
arousal building and subsiding across many
seconds rather than the sub-second dynamics
characteristic of facial micro-expression, making
a transformer's capacity for longrange
dependency modeling particularly well suited to
this modality.

Cross-modal fusion, the architectural
centerpiece of the proposed framework, was
implemented through multi-head attention
operating jointly over the three modality-specific
embeddings. Rather than concatenating the
facial, vocal, and physiological embeddings into
a single fixed vector, the fusion mechanism
allowed each modality's representation to attend
to the other two, dynamically weighting the
contribution of each modality according to its
apparent reliability and relevance within the
current analysis window. This design was
motivated directly by the observation, discussed
extensively in the literature review, that the
relative informativeness of facial, vocal, and
physiological evidence shifts continuously
depending on recording conditions and the
nature of the emotional state itself, meaning that
a fixed fusion rule necessarily performs
suboptimally in at least some operating
conditions. Following cross-modal attention, a
contextual conditioning stage further refined
the fused representation by incorporating a
short window of preceding fused states, allowing
the framework to smooth momentary fusion
instability and better capture emotional states
that  unfold  gradually  rather  than
instantaneously.

The dual-output prediction head was designed
to satisfy the requirements of both mental health
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monitoring and interactive human-computer
interaction applications, which frequently call
for different representational formats. The
categorical output produced a probability
distribution over seven discrete emotion
categories corresponding to commonly used
basic emotion labels, suitable for applications
requiring a clear, interpretable emotional state
label. The dimensional output produced
continuous valence and arousal estimates
positioned within a two-dimensional affective
space, suitable for applications requiring finer-
grained tracking of emotional intensity and
polarity than discrete categories alone can
express, including gradual mood trend
monitoring where a person's emotional state
may shift in intensity without crossing into a
different discrete category.

The experimental design used to evaluate the
framework was structured around seven distinct
configurations. Three unimodal configurations
used only the facial, vocal, or physiological
encoding branch respectively, each connected
directly to the dual-output prediction head
without any fusion mechanism, establishing
baseline performance for each individual
modality. Three bimodal configurations
combined pairs of modalities, specifically facial-
vocal, facial-physiological, and  vocal-
physiological, using the same cross-modal
attention fusion mechanism restricted to two
input streams rather than three, allowing the
marginal contribution of adding a third
modality to be isolated from the general benefit
of any multimodal fusion. The seventh
configuration was the complete trimodal
architecture incorporating all three modalities
and the full fusion and conditioning pipeline
described above. All seven configurations were
trained and evaluated under identical data splits,
optimization settings, and evaluation protocols,
ensuring that observed performance differences
could be attributed to  architectural
configuration rather than incidental variation in
training conditions.

Beyond this comparative sweep across modality
configurations, a systematic component-level
ablation study was conducted on the full
trimodal architecture to isolate the individual
contribution of five specific design elements.
The first ablation replaced cross-modal attention

with simple feature concatenation while holding
all other architectural elements constant,
directly testing whether the adaptive fusion
mechanism itself, rather than the mere
combination of three modalities, was
responsible for observed performance gains. The
second ablation removed the physiological
transformer component, replacing it with the
one-dimensional convolutional layers alone,
testing the contribution of long-range temporal
modeling within the physiological branch
specifically. The third ablation removed the
vocal convolutional-recurrent branch's
bidirectional recurrent component, testing the
contribution of bidirectional temporal modeling
within the vocal branch. The fourth ablation
removed facial alignment pre-processing, testing
the contribution of pose and scale normalization
to overall recognition accuracy. The fifth
ablation removed the contextual conditioning
stage that follows cross-modal attention, testing
whether this refinement step contributes
measurably beyond the attention mechanism
alone. Each ablation was evaluated using the
same held-out data and evaluation protocol as
the full comparative sweep, and results are
reported as the accuracy difference relative to the
complete trimodal architecture.

Evaluation metrics were selected to capture
multiple  complementary  dimensions  of
framework performance appropriate to the dual
research goals of mental health monitoring and
real-time interaction. Overall classification
accuracy provided a summary measure of
categorical emotion recognition performance
across all seven configurations. Macro-averaged
precision, recall, and F1l-score were computed to
assess per-class performance without allowing
more frequent emotion categories to dominate
the aggregate metric, a consideration particularly
relevant for mental health applications where
correctly identifying less frequent but clinically
significant emotional states, such as sustained
sadness or acute anxiety, matters more than
overall accuracy alone would suggest. Confusion
matrix analysis was conducted on the complete
trimodal model to identify systematic
misclassification patterns between emotion
categories that share overlapping expressive or
physiological signatures. Receiver operating
characteristic curves and the associated area
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under the curve statistic were computed for each
emotion category to assess discrimination
capability independent of any particular
classification  threshold. Finally, inference
latency was measured as the time required to
process a single analysis window from raw
synchronized input through to prediction
output, reflecting the realtime operational
requirement that motivated several of the
architecture's design choices, including the
preference for temporal convolutional and

transformer components over purely sequential
recurrent alternatives in the facial and
physiological branches respectively.

Table II summarizes the experimental
configuration used across all reported results,
including the modality combinations evaluated,
the ablation variants tested, and the evaluation
metrics computed for each analysis, providing a
consolidated reference for the comparative
results presented in the following section.

Table 2. Experimental Configuration Summary

Parameter

Specification

Evaluated configurations | 3 unimodal, 3 bimodal, 1 trimodal (7 total)

Ablation variants

5 (attention—concatenation; w/o physiological transformer; w/o vocal
BiLSTM; w/o facial alignment; w/o contextual conditioning)

Facial encoder

Convolutional layers + temporal convolutional network

Vocal encoder

Convolutional neural network + bidirectional LSTM

Physiological encoder

1D convolutional layers + temporal transformer

Fusion mechanism

Cross-modal multi-head attention + contextual conditioning

Prediction head

Dual output: 7-class categorical + continuous valence-arousal

Evaluation metrics

Accuracy, macro precision/recall/F1, ROC-AUC, confusion matrix, latency

Total trainable
parameters (trimodal)

= 21.3 million

Mean inference latency
(trimodal)

47 ms per synchronized analysis window

4. Results and Discussion

The evaluation of the proposed multimodal
framework proceeded across the seven
comparative configurations and five component-
level ablations described in the methodology,
generating a comprehensive picture of how
facial, vocal, and physiological evidence
contribute individually and jointly to emotion

recognition performance. This section presents
these findings in sequence, beginning with the
overall comparative accuracy results, proceeding
through the ablation study, and concluding with
detailed classification, discrimination, temporal,
and efficiency analyses of the complete trimodal
architecture.
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Fig. 4. Accuracy, precision, recall, and Fl-score across all seven evaluated unimodal, bimodal, and
trimodal configurations, with error bars on the accuracy series.

Figure 4 presents classification accuracy across
all seven evaluated configurations, arranged
from the weakest unimodal baseline through the
strongest bimodal pairing to the complete
trimodal architecture. The physiological-only
configuration achieved the lowest accuracy
among the three unimodal baselines, reflecting
the inherent ambiguity of autonomic signals
when interpreted in isolation from expressive
behavior; arousal-linked physiological changes
such as elevated heart rate or increased skin
conductance are shared across several distinct
emotional states, including fear, anger, and
excitement, making physiological signals alone a
comparatively weak discriminator of discrete
emotion categories despite their resistance to
voluntary masking. The vocal-only configuration
outperformed the physiological-only baseline by
a moderate margin, benefiting from prosodic
cues that carry more direct categorical
information, while the facial-only configuration
achieved the strongest unimodal result,
consistent with the intuitive observation that
facial expression remains the most information-
dense single channel for discrete emotion
classification under the controlled recording
conditions used in this study.

unimodal to  bimodal
configurations produced a consistent and
substantial accuracy improvement in every
pairing, confirming that the benefit of
multimodal fusion is not confined to any single
combination of channels. The facial-vocal
pairing achieved the highest bimodal accuracy,
exceeding the strongest unimodal baseline by a
considerable margin and reflecting the
complementary error patterns of visual and
acoustic  expression, where instances of
ambiguous or subtle facial expression are
frequently accompanied by clearer vocal
prosodic cues and vice versa. The facial-
physiological ~ pairing achieved a closely
comparable result, indicating that physiological
evidence, despite its comparatively weak
standalone performance, contributes
meaningfully once combined with a stronger
primary channel through the cross-modal
attention mechanism rather than being fused
through a fixed rule that would treat its lower
standalone reliability as a permanent limitation.
The vocal-physiological pairing, while still a clear
improvement over either constituent unimodal
baseline, achieved the lowest bimodal accuracy,
suggesting  that facial evidence carries
information that is only partially recoverable

Moving  from
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from the combination of vocal and physiological
channels alone. The complete trimodal
configuration achieved the highest accuracy of
all seven configurations, exceeding the strongest
bimodal pairing by a margin that is both
statistically meaningful given the evaluation
sample size and practically significant for

downstream applications where classification
errors carry real consequences, confirming that
the third modality contributes genuine
additional discriminative information rather
than redundant signal already captured by the
stronger two-modality combination.

Full-Model
Reference

i
|
full Trimodal Model _ 7%

w/o Contextual
Conditioning

| 90.2% (-1.p)

w/o Facial 88.0% (-3.7)
Alignment
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Transformer
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(Bidirectional)
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Fig. 5. Component-level ablation study showing the accuracy contribution of cross-modal attention,
the vocal bidirectional recurrent layer, the physiological transformer, facial alignment, and
contextual conditioning.

Figure 5 presents the results of the component-
level ablation study conducted on the complete
trimodal architecture, isolating the contribution
of five specific design elements by measuring the
accuracy reduction that results when each is
removed or replaced. The largest single accuracy
reduction occurred when cross-modal attention
was replaced with simple feature concatenation
while holding every other architectural element
constant, confirming that the adaptive fusion
mechanism itself, rather than the mere presence
of three fused modalities, accounts for a
substantial share of the framework's overall
performance advantage. This finding directly
addresses one of the central methodological gaps
identified in the literature review, where many
prior multimodal studies report accuracy gains
from adding modalities without isolating
whether the fusion mechanism or the additional
modality count is responsible for the
improvement; the present ablation

demonstrates unambiguously that fusion
mechanism  design  carries  substantial
independent weight.

The second-largest accuracy reduction resulted
from removing the bidirectional recurrent
component of the vocal encoding branch,
indicating that bidirectional temporal context,
allowing later vocal segments to inform the
interpretation of earlier ones, contributes
meaningfully to prosodic pattern recognition
beyond what the convolutional layers capture
alone. Removing the physiological transformer
produced  the  third-largest  reduction,
confirming  that  longrange  temporal
dependency modeling adds discriminative value
within the physiological branch specifically,
consistent with the earlier observation that
autonomic emotional responses unfold over
longer timescales than facial or vocal expression
and therefore benefit disproportionately from
architectural components capable of modeling
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extended temporal context. Removing facial
alignment  pre-processing  produced  a
comparatively smaller but still clearly measurable
reduction, indicating that pose and scale
normalization meaningfully improves the
quality of facial embeddings even though the
convolutional facial encoder retains some
inherent robustness to minor pose variation
through its hierarchical spatial feature

extraction. The smallest reduction resulted from
removing the contextual conditioning stage that
follows cross-modal attention, suggesting that
this refinement step provides a real but
comparatively modest additional benefit once
adaptive cross-modal attention is already in
place, functioning primarily to smooth
momentary fusion instability rather than to
correct larger-scale fusion errors.

True Emotion Category

Happiness

Sadness

Anger

Fear

Disgust

Surprise

Neutral

Predicted Emotion Category

Happiness

Sadness

Anger

Fear

Disgust

Surprise

Neutral

0 Misclassification flow

Fig. 6. Alluvial diagram of classification flows for the complete trimodal architecture across seven
discrete emotion categories, illustrating true-to-predicted category assignments as row-normalized

classification rates.

Table 3. Consolidated Performance Metrics Across All Evaluated Configurations

Configuration Accuracy (%) | Macro F1 | Macro AUC | Params (M) | Latency (ms)
Physiological-only 68.3 0.671 0.842 6.5 14
Vocal-only 71.8 0.703 0.861 5.8 12
Facial-only 76.4 0.751 0.887 8.2 18
Vocal + Physiological 79.5 0.782 0.903 12.1 24
Facial + Physiological 82.6 0.814 0.921 14.6 29
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Configuration Accuracy (%) | Macro F1 | Macro AUC | Params (M) | Latency (ms)
Facial + Vocal 84.2 0.831 0.928 13.9 31
Trimodal (Full Framework) | 91.7 0.881 0.953 21.3 47

Figure 6 depicts training and validation accuracy
together with training and validation cross-
entropy loss over fifty training epochs for the
proposed trimodal configuration, providing a
detailed view of which emotional states the
framework distinguishes reliably and which
remain prone to systematic confusion. The
diagonal of the matrix, representing correct
classifications, dominates the overall pattern,
consistent with the high aggregate accuracy
reported for the trimodal configuration, but
off-diagonal patterns merit closer
examination. The most pronounced confusion
occurs between fear and surprise, two emotional
states that share substantial overlap in both
facial action wunit activation, particularly
widened and raised eyebrows, and
including
skin

several

eyes
physiological signature,
elevated  heart and
conductance, making them the pair most likely

arousal
rate increased
to be confused even when three modalities are
jointly considered. A secondary confusion
pattern appears between sadness and neutral,
reflecting the comparatively low-intensity
expressive and physiological signature of sadness
relative to more acutely arousing emotional
states, which can cause subdued sadness to
resemble emotional neutrality across all three
channels simultaneously.

Disgust and anger show a smaller but still
discernible confusion pattern, consistent with
their shared negative valence and moderate-to-
high arousal profile, though the trimodal
framework distinguishes these two states
considerably more reliably than the unimodal
baselines examined during preliminary analysis,
suggesting that the combination of vocal
prosodic sharpness, characteristic of anger, with
facial action units more specific to disgust, such
as nose wrinkling, provides the cross-modal
attention ~ mechanism  with  sufficient
complementary evidence to separate these
categories in most instances. Happiness achieves
the highest per-class accuracy of any category in
the confusion matrix, reflecting both the
distinctiveness  of  its  facial  signature,
characterized by the co-activation of specific
muscle groups around the eyes and mouth that
is difficult to produce inadvertently, and its
comparatively unambiguous positive valence
across all three modalities. Taken together, the
confusion matrix indicates that the framework's

remaining classification errors concentrate
predictably among emotion pairs that share
overlapping  expressive  or  physiological

signatures, a pattern consistent with affective
science findings on emotion similarity rather
than an indication of arbitrary or unstable
model behavior.
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Fig. 7. Per-class receiver operating characteristic curves and area under the curve values for the
complete trimodal architecture.

Figure =~ 7  presents receiver  operating
characteristic curves for each of the seven
discrete emotion categories, computed for the
complete trimodal architecture, together with
the associated area under the curve statistic
reported for each class. Every category achieved
a curve positioned well above the diagonal
reference line representing random
discrimination, and the macro-averaged area
under the curve across all seven categories
indicates strong overall discrimination capability
that is largely consistent across classes rather
than being driven by exceptional performance
on only one or two categories. Happiness and
neutral achieved the highest per-class area under
the curve wvalues, consistent with their
comparatively distinctive and stable multimodal
signatures observed in the confusion matrix
analysis, while fear and surprise achieved

comparatively lower, though still strong, area
under the curve values, mirroring the confusion
pattern identified between these two categories
and confirming that the discrimination
difficulty is not an artifact of any single
evaluation metric but reflects a genuine
underlying similarity in how these two
emotional states manifest across facial, vocal,
and physiological channels.

The consistency of strong area under the curve
performance across nearly all seven categories,
rather than a small number of categories
achieving excellent discrimination while others
perform only marginally above chance, indicates
that the crossmodal attention fusion
mechanism  distributes its  discriminative
capacity relatively evenly across the emotion
space rather than specializing narrowly on a
small number of categories at the expense of
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others. This property is particularly relevant for
the mental health monitoring application
motivated in the introduction, where clinically
relevant but less frequently expressed emotional
states, such as sustained fear or subdued sadness,
must be detected reliably even though they may
be underrepresented relative to more common

categories such as neutral or happiness in
naturalistic monitoring data; a framework whose
discrimination capability degrades sharply for
less frequent categories would be poorly suited
to this application regardless of its aggregate
accuracy.

Anger

Sadness

Happiness

Neutral

Surprise

Disgust

Fear

Precision Recall

1.00

0.95

0.90

0.85

Score

0.80

- 0.75

- 0.70

Fl1-score

Fig. 8. Per-class precision, recall, and F1-score for the complete trimodal architecture across all seven
emotion categories.

Figure 8 presents a per-class breakdown of
precision, recall, and Fl-score for the complete
trimodal architecture across all seven emotion
categories, offering a view of classification
performance that is more granular than the
aggregate macro-averaged statistics reported for
the overall comparative results. Precision and
recall track closely together across most
categories, indicating that the framework does
not exhibit a strong systematic bias toward either
over-predicting or  under-predicting any

particular emotional state, a balanced behavior
that is generally preferable to a framework that
achieves high recall for a category only by over-
predicting it at the expense of precision.
Happiness and neutral again emerge as the
strongest-performing categories across all three
per-class metrics, consistent with their distinctive
multimodal signatures noted throughout the
preceding analyses, while fear shows the largest
gap between precision and recall of any category,
with recall trailing precision by a modest margin,
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indicating that when the framework does predict
fear it is usually correct, but that some genuine
instances of fear are instead classified into the
neighboring surprise category identified in the
confusion matrix.

The comparatively narrow spread between the
bestperforming  and  weakest-performing
categories across all three per-class metrics is
itself a notable finding, since many multimodal
emotion recognition systems reported in the
exhibit  considerably  larger
performance gaps between their strongest and
weakest categories, often reflecting training data
imbalance or architectural bias toward categories

literature

with more distinctive unimodal signatures. The
relatively even per-class performance observed
here suggests that the cross-modal attention
fusion mechanism, by adaptively reweighting
modality contributions rather than relying on a
fixed fusion rule, helps compensate for
categories where any single modality would
otherwise underperform, redistributing
discriminative  reliance toward whichever
modality carries the clearest signal for a given
emotional state and thereby narrowing the
performance gap across the emotion category
space as a whole.
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Fig. 9. Training and validation accuracy and loss trajectories across fifty training epochs for the
complete trimodal architecture.

Figure 9 presents training and validation
accuracy and loss trajectories across the training
epochs used to optimize the complete trimodal
architecture, providing insight into the model's
convergence behavior and the extent to which its
strong evaluation performance reflects genuine
learning rather than memorization of the
training data. Training and validation accuracy
curves rise together through the early and
middle stages of training with a consistently
narrow gap between them, and both curves

plateau at a similar final level, indicating that the
model generalizes well to held-out data rather
than overfitting to patterns specific to the
training set. The corresponding loss curves show
a smooth, monotonic decline for both training
and validation sets through the majority of
training, with the validation loss curve tracking
the training loss curve closely rather than
diverging upward in later epochs, a pattern that
would typically signal the onset of overfitting
had it been observed.
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The absence of a widening gap between training
and validation performance across the full
training trajectory is particularly reassuring given
the comparatively high parameter count of the
trimodal architecture relative to its unimodal
and bimodal counterparts, since larger
multimodal architectures are generally more
susceptible to overfitting when trained on
datasets of limited size. The stability of the
convergence pattern observed here suggests that
the combination of modality-specific encoders
matched to each signal type, together with the
dimensionality reduction applied before cross-

modal attention, provides sufficient
architectural regularization to support reliable
generalization without requiring aggressive
external regularization techniques that might
otherwise constrain the model's capacity to learn
genuine cross-modal affective structure. This
convergence behavior also supports the practical
reliability of the accuracy figures reported
throughout this section, since a model that had
not converged stably would produce evaluation
results that are highly sensitive to the specific
point in training at which the model was
assessed.

Trainable Parameters (M)

bal-time threspold
0 ms)

81
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73

69
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40 50

Inference Latency per Analysis Window (ms)

Interpolated Classification Accuracy (%)

Fig. 10. Response-surface visualization of classification accuracy as a function of inference latency and
trainable parameter count, interpolated across all seven evaluated configurations; the dashed line
marks the 50 ms real-time threshold.

Figure 10 presents the relationship between
classification accuracy and inference latency
across all seven evaluated configurations, framed
as a tradeoff analysis relevant to real-time
deployment scenarios where computational cost

must  be

weighed  against  recognition
performance. Unimodal configurations
achieved the lowest inference latency, as

expected given their reliance on a single
modality-specific encoder without any fusion
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overhead, but this latency advantage came at the
cost of the lowest accuracy among all seven
configurations. Bimodal configurations
occupied an intermediate position on both
dimensions, with latency increasing moderately
relative to the unimodal baselines while accuracy
improved substantially, indicating a favorable
tradeoff ratio in which a comparatively small
increase in computational cost purchases a
comparatively large increase in recognition
performance. ~ The  complete  trimodal
configuration required the highest inference
latency of all seven configurations, reflecting the
additional computation required to encode a
third modality and to perform full cross-modal
attention across three rather than two input
streams, yet this latency remained well within
the bounds typically considered acceptable for
real-time  interactive  and  monitoring
applications, indicating that the accuracy
advantage of the trimodal architecture is
achieved without sacrificing the real-time
operational requirement motivating the overall
framework design.

The favorable position of the trimodal
configuration on this tradeoff curve, achieving
the highest accuracy while remaining close to the
efficiency frontier established by the unimodal
and bimodal configurations, reflects several
deliberate architectural choices made during the
methodology design, particularly the preference
for temporal convolutional processing over
purely sequential recurrent processing in the
facial branch and the use of a transformer rather
than a deeper recurrent stack in the
physiological branch, both of which support
substantial parallelization during inference. This
result is practically significant because it
demonstrates that the accuracy gains attributed
to trimodal fusion throughout this section are
not contingent on sacrificing the real-time
responsiveness required for interactive human-
computer interaction applications or for
continuous mental health monitoring, where
excessive processing latency would undermine
the practical value of the system regardless of its
offline classification accuracy.

Table III consolidates the principal quantitative
results discussed throughout this section,

averaged area under the curve, parameter count,
and inference latency for all seven evaluated
configurations, providing a single consolidated
reference point for the comparative findings
detailed above. Considered together, the seven-
configuration comparison, the five-component
ablation study, and the detailed classification,
discrimination, temporal, and efficiency
analyses of the complete trimodal architecture
converge on a consistent overall picture:
multimodal  fusion improves recognition
performance over every unimodal baseline; the
specific mechanism used to perform that fusion,
namely cross-modal attention rather than simple
concatenation, accounts for a substantial share
of the observed improvement; and the resulting
architecture achieves this improvement while
remaining computationally efficient enough for
real-time deployment, supporting its intended
application to both adaptive human-computer
interaction and continuous, non-invasive
mental health monitoring.

5. Conclusion

This study proposed and evaluated a real-time
multimodal deep learning framework for human
emotion recognition that fuses facial video,
vocal audio, and physiological recordings
comprising electroencephalography,
electrocardiography, and galvanic skin response
through a crosssmodal multi-head attention
mechanism  supplemented by contextual
conditioning. The framework combined
modality-specific encoders, convolutional and
temporal convolutional layers for facial
dynamics, a
architecture for vocal prosody, and a one-
dimensional convolutional and transformer

convolutional-recurrent

architecture for physiological signals, with an
adaptive fusion mechanism designed to weight
each modality's contribution according to its
apparent reliability within a given analysis
window rather than combining modalities
through a fixed rule. A dual-output prediction
head allowed the framework to produce both
discrete  categorical emotion labels and
continuous valence-arousal estimates,
supporting the differing representational
requirements of mental health monitoring and

presenting  classification accuracy, macro- interactive human-computer interaction
averaged precision, recall, and Fl-score, macro- applications.
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Evaluation across seven comparative
configurations, spanning three unimodal
baselines, three bimodal pairings, and the
complete trimodal architecture, demonstrated
that multimodal fusion improved classification
accuracy substantially over every unimodal
alternative, with the trimodal configuration
achieving the highest accuracy among all
evaluated configurations. A systematic five-
component ablation study further demonstrated
that cross-modal attention itself, rather than the
mere combination of three modalities,
accounted for the largest single share of this
improvement, with the bidirectional vocal
recurrent component, the physiological
transformer, facial alignment pre-processing,
and contextual conditioning each contributing
measurable but progressively smaller additional
benefit. Detailed confusion, receiver operating
characteristic, and per-class precision, recall, and
Fl-score analyses indicated that the framework's
remaining classification errors concentrated
predictably among emotion categories sharing
overlapping  expressive  or  physiological
signatures, consistent with established findings
in affective science rather than reflecting
arbitrary model instability. Training and
validation convergence analysis indicated stable
generalization without evidence of overfitting,
and inference latency measurement confirmed
that the accuracy advantage of the trimodal
architecture was achieved without sacrificing
real-time operational feasibility. Collectively,
these findings support the central premise
motivating this study: that adaptive, attention-
based fusion of complementary facial, vocal, and
physiological evidence vyields a measurable,
mechanistically interpretable, and
computationally practical improvement in
emotion recognition performance relative to
unimodal and simple bimodal alternatives,
providing an evidence base for the continued
development of multimodal affective computing
systems intended for mental health monitoring
and intelligent human-computer interaction.

6. Discussion and Future Work

The findings presented in this study carry several
implications that extend beyond the specific
accuracy figures reported in the results section.
Most directly, the demonstration that cross-

modal attention accounts for a larger share of
the observed performance improvement than
the mere addition of a third modality suggests
that future multimodal emotion recognition
research would benefit from allocating relatively
more methodological attention to fusion
mechanism design and relatively less to the
pursuit of additional data channels alone. This
is a meaningful reframing given that a
substantial portion of the existing literature, as
discussed in the literature review, continues to
report modality-count comparisons without
corresponding  fusion-mechanism ablations,
leaving the field with an incomplete
understanding of where reported performance
gains actually originate. The present study's five-
component ablation methodology offers one
template for closing this gap, and future work
adapting or extending this ablation structure to
other fusion architectures, including graph-
based and  information-bottleneck-guided
approaches discussed in the literature review,
would help establish whether the relative
ordering of component contributions observed
here generalizes across different fusion
paradigms or is specific to the multi-head
attention mechanism evaluated in this study.

Several limitations of the present study point
directly toward productive directions for future
research. The evaluation was conducted under
controlled  recording  conditions  with
synchronized, relatively high-quality data across
all three modalities, and the framework's
performance under the more variable conditions
characteristic  of naturalistic, in-thewild
deployment, including inconsistent lighting,
background acoustic noise, partial sensor
dropout, and imperfect temporal
synchronization, remains to be established.
Future work should prioritize evaluation on data
collected  outside  controlled  laboratory
conditions, potentially incorporating the
missing-modality robustness strategies discussed
in the literature review to explicitly handle the
sensor dropout scenarios that are considerably
more common in real-world wearable and
camera-based deployment than in curated
research datasets. Relatedly, the physiological
signal acquisition pipeline used in this study
depends on dedicated sensor hardware that is
not yet standard in consumer devices, and future
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work exploring how the framework's accuracy
degrades gracefully when physiological channels
are unavailable, falling back toward the bimodal
facial-vocal configuration evaluated in this study,
would clarify the framework's practical
deployability across a range of hardware
availability scenarios.

Cross-subject generalization represents a second
important direction for future work. The
present evaluation, consistent with common
practice in the field, did not extensively probe
how performance transfers to individuals whose
facial expressiveness, vocal prosodic range, or
physiological baseline differs substantially from
the distribution represented in the evaluation
data, a concern directly relevant given the well-
documented individual variability in autonomic
nervous system response discussed in the
literature review. Future work incorporating
explicit  cross-subject  validation  protocols,
potentially combined with personalization or
calibration mechanisms that adapt the fusion
weighting to an individual's characteristic
expressive and physiological profile over a short
calibration period, would strengthen confidence
in the framework's applicability to the diverse
populations that mental health monitoring
applications in particular are intended to serve.
The ethical and privacy dimensions of
continuous multimodal affective monitoring
also warrant sustained attention as this line of
research matures toward deployment. A system
capable of continuously inferring emotional
state from facial, vocal, and physiological signals
raises legitimate concerns regarding consent,
data retention, and the potential for misuse in
contexts such as employment monitoring or
coercive surveillance that were not the intended
application of the present research. Future work
should explore privacy-preserving training and
inference strategies, including the federated
learning approaches discussed in the literature
review, alongside architectural mechanisms for
on-device processing that avoid transmitting raw
facial, vocal, or physiological data beyond the
local device, as well as clear governance
frameworks defining appropriate consent and
data retention practices specific to mental health
monitoring applications where the sensitivity of
inferred emotional state data is particularly high.
Finally, longitudinal evaluation examining

whether continuous multimodal emotion
monitoring produces genuine clinical or
interactional benefit over time, rather than only
cross-sectional classification accuracy at a single
point in time, represents an important and
currently underexplored direction that would
help  establish  whether the  accuracy
improvements demonstrated in this study
translate into meaningful real-world value for
the mental health monitoring and human-
computer interaction applications that motivate
this research.
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