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ABSTRACT

Detecting wtions from multimodal data is increasingly significant in various do-
mains such as mental health support, customer experience enhancement, and human-
computer interaction. As digital communication grows, understanding the emotional
tone of conversationﬁontent has become essential for building responsive and an-
centric applications. This study explores a multimodal deep learning system that aims to
improve the accuracy and class-fairness of emotion detection by fusing visual, textual,
and audio modalities.

In-depth analysis is conducted on a multimodal architecture that combines ResNet-
18 for visual features with a hybrid text stream incorporating RoBERTa, FastText, and
the NRC Emotion Lexicon. Audio is selectivemre-routed through OpenAl Whisper
transcription to augment the text stream. The model is evaluated on the IEMOCAP
dataset—a widely used benchmark for multimodal emotion recognition—chosen for
its diversity in conversational language and emotion categories. éthree—layer MLP
classifier on the 928-dimensional fused descriptor achieves 86.48% accuracy and Macro
Fl-score of 0.8690, a statistically significant improvement (Z=16.94, p < 0.05) over
uni al baselines.

The aim of this research work is to demonstrate that pre-fusion linguistic enrich-
ment paired with class-fair evaluation closes a substantial portion of the gap left open
by prior IEMOCAP multimodal work. The results of experiments indicate that pre-
fusion enrichment of the linguistic features is more effective than complex fusion
schemes based on a transformer network. This study not only unveils the potential of
hybrid feature engineering but also reveals where more can be gained, the keys to

even more sophisticated and sensitive multimodal emotion recognition system.
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CHAPTER 1
INTRODUCTION

1.1 Background and Motivation
Affective computing is the development of syst which are able to recognize,

interpret, and respond to human's emotions [45]. In the realm of human—computer
interaction (HCI) [7-9] affecting is a fundamental part of human interaction with
machines, such as agsistants, ve-hicles, or healthcare monitors. Progress has been
made at a faster pace with deep learning [10] — especially in the area of faces, text and
speech — which has fueled applications ranging from mental health monitoring [8] to
adaptive services and safety.

Emotional expression is expressed in many ways: facial expressions [1, 2],
prosody [3, 4] and words [5, 6]. An incomplete channel: expressions can be masked,
audio is noisey and speaker-specific, text omits nonverbal cues, etc., means that a
single modality cannot solve all of the problems like masked frustration and sarcastic
praise. These are offset by fusing together the visual, acoustic and lexical information.

People are increasingly expecting to get more than just intent — they expect to get
feeling. The most common solution is multimodal fusion [16-18] which this thesis
demonstrates is dominantly affected by the inputs to fusion, as well as the fusion rule
itself.

1.2 Problem Statement

1.2.1 Unimodal Limits and the IEMOCAP Plateau

There is much work that has gone before which is unimodal in nature, such as visual
[1, 11], auditory [12, 13] and textual [14, 15] work, and each of these areas has a
ceiling. The deficit of speech-based affect in visual models, and the deficit of lexico-
semantic cues in acoustic-only models (our Mel-spectrogram baseline is 32.04% on
I[EMOCAP), along with the inability to access faces and prosody from text alone,
leaves affect ambiguous. Multi-modal scores have remained in a tight range on
IEMOCAP (e.g., [21-23]) and the new cross-modal attention systems [19, 20] are still
in the mid-70% range. The most important question is why this plateau is still there

and what needs to happen to overcome it.

1.2.2  Under-Enriched Text Features and Unfair Aggregate Metrics

Linguistic features at fusion are often weak, as many pipelines pass one transformer
embedding into fusion, but [EMOCAP's dialogue is fragmented and colloquial, and

rich cues are distributed across and cross multiple linguistic layers: contextual




meaning, sub-word morphology, and lexicon-based affect, with few pipelines
covering all three in one; few pipelines cover all three. Headline accuracy hides class
imbalance (e.g. “Frustrated” =1.9x “Sad”): high overall scores can go hand in hand
with low minority-class scores. As a result, several previous studies lack the necessary
macro-averaged mea-sures, per-class views, and significance tests in making sound

comparisons.
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,3 Research Questions and Objectives

This thesis investigates the following research questions:

RQ1:
What is the added value of pre-fusion enrichment (RoBERTa + FastText + NRC
Emotion Lexicon) in terms of accuracy over a single text encoder?

RQ2:
What is the contribution from each modality (visual, textual, audio-via-
transcription) to the fused prediction?

RQ3:
Are there data on performance balance among classes with unequal distribution

of students and are there statistically significant improvement from base-lines?
Objectives:
1. Train/evaluate unimodal baselines: 2D CNN (Mel-spectrograms), hybrid RoBERTa
+ FastText + NRC text, ResNet-18 + self-attention image on [IEMOCAP.
2. Create the hybrid pre-fusion text source (three sources into a single enriched vector).
3. Integrate audio using Whisper's selective transcription.
4. Fuse via concatenation early fusion and an MLP on the 928-dimensional
descriptor.
5. Optimizer search (Adam, RAdam, Lion, AdamW), MLP depth (2-4).

6. Report macro P/R/F1, per-class metrics, confusion matrices, and two-proportion
Z-tests.

1.4 Contributions of the Thesis

1.4.1 Hybrid Pre-Fusion Text Enrichment (RoBERTa + FastText + NRC)

One of the biggest contributions is a three-source text module that is combined before
the fusion with the vision module, called RoBERTa for context, FastText for sub-
word coverage, and NRC for explicit affect priors.Prior multimodal emotion work

rarely unifies these streams; here they yield the largest single gain (+6.20 pp).




1.4.2 Selective Audio-to-Text Re-routing via Whisper

Audio is fed through Whisper transcription instead of raw spectrograms, shifting its
role from low acoustic accuracy (32.04% alone) to semantic help (+1.28 pp). For con-

versational data, semantic routing outperforms raw prosody in this setup.

1.4.3 Class-Fair Evaluation Protocol with Statistical Significance Testing

Evaluation pairs macro P/R/F1, per-class breakdowns, and confusion matrices with a
two-proportion Z-test under a fully specified protocol, countering aggregate-only re-
porting in prior IEMOCAP studies.

1.5 Scope and Limitations of the Study

This thesis covers five-class emotion recognition (angry, excited, frustrated, neutral,
sad) on the IEMOC AP database using audio, text, and image modalities with a concatenation-
based early fusion strategy and an MLP classifier. The study is conducted on a single
dataset with session-based train/test splitting to ensure speaker independence.

The thesis does not cover: (a) attention-based or transformer-driven fusion mecha-
nisms (these are identified as promising future directions); (b) datasets beyond IEMO-
CAP (generalization to in-the-wild corpora like MELD and CMU-MOSEI is deferred
to future work); (c) real-time deployment or latency-constrained systems; (d) emotion
categories beyond the five selected; or (e) multilingual or cross-cultural emotion recog-
nition. A fuller discussion of limitations appears in Chapter 6.

1.6 Organization of the Thesis

The remainder proceeds as follows: Chapter 2 reviews emotion theory, unimodal and
multimodal recognition, linguistic models, benchmarks, and evaluation, and pinpoints
the research gap; Chapter 3 presents the research design, dataset, pre-processing, uni-
modal architectures, fusion with pre-fusion text enrichment, and metrics; Chapter 4
covers implementation and reproducibility; Chapter 5 reports baselines, multimodal
optimisation, modality contributions, class-wise results, significance tests, compar-
isons; Chapter 6 summarises contributions, answers the research questions, and outlines
future work.




CHAPTER 2
LITERATURE REVIEW

2.1 Theoretical Foundations of Emotion

Categorical models treat affect as a small inventory of discrete labels (e.g., Ekman’s ba-
sic emotions; Plutchik’s wheel). That convention is followed by corpus annotation as
well, with the IEMOCAP having categorical tags, and this thesis having five classes, but
neighbouring categories are hard to distinguish even for humans.

Dimensional models are models that embed emotions into continuous spaces:
Russell's valence—arousal circumplex and Mehrabian's pleasure—arousal-dominance
(PAD) model account for why high arousal negative states seem to merge in the
feature space, and why later confusion matrices display systematic mixing between
such classes.

Despite this, automatic recognition is difficult: Labels are subjective, expressions
are ambiguous and context dependent, and there are variations in display rules and
intensity between people. These effects limit reliable supervision and prevent
unimodal recognition from becoming overly noisy, encouraging multimodal fusion
but not ensuring that fusion eliminates all inherent uncertainty.

2.2 Unimodal Emotion Recognition Approaches

2.2.1 Visualand Acoustic Approaches

From hand-created texture and shape descriptors, to deep CNNs (VGG, Inception,
ResNet [1, 11, 42]), to attention-enhanced encoders [24] and to spatiotemporal models
with added compute for temporal expression dynamics. In dyadic conversation, affect
is nevertheless lost in images or video that is conveyed in lexicon and prosody. In
terms of audio, common stacks are based on engineered descriptors (MFCCs, pitch,
energy), Mel-spectrogram CNNs [3] or self-supervised encoders like Wav2Vec 2.0
[13]; speech and text classification outperform raw acoustics for fine-grained classes
[12]. On the empirical level, acoustic-only cues provide only limited separability on
this task (32.04% of the reported audio baseline), highlighting the importance of
semantic content for this task as well as for timbre.

2.2.2 Textual Approaches and Cross-Modal Limitations

Together with classic bag of words and TF-IDF [7] models, the methods have
progressed to static embeddings (Word2Vec, FastText [40]) and contextual
transformers, with RoBERTa [39] frequently topping transformer models on affective
benchmarks [25-28]. Each modality is only partial: vision — facial cues, audio —
prosody (without full meaning if not transcribed), and text — omits face and voice.

That complementarity encourages fusion rather than any one stream in isolation.




2.3 Multimodal Fusion Strategies

2.3.1 Early and Late Fusion

Feature-level early fusion concatenates modality vectors before classification [15], en-
abling a single learner to exploit joint statistics but ignoring fine-grained temporal align-
ment and mixing possibly redundant dimensions; this thesis uses concatenation with an
MLP. Late fusion trains per-modality classifiers and aggregates decisions, which eases
missing modalities but cannot model correlations that live only in jointly observed fea-
tures (e.g., sarcasm from mismatched face and words). Hybrid architectures combine
both patterns at the price of complexity. Simple early fusion can still be competitive

when incoming representations are rich rather than minimal.

2.3.2 Attention-Based and Cross-Modal Fusion

Richer fusion stacks—residual multimodal networks [21], multi-head transformer fu-
sion [22], cross-modal attention such as AVaTER [19], pretrained per-modality trans-
formers fused via another transformer [20], and information-enhanced audio-text de-
signs [23 —explicitly target cross-modal interactions. Reported IEMOCAP scores range
from the low 60%s for several structural variants up to the mid-70%s when strong lin-
guistic encoders and attention are present, implying that representation quality (espe-

cially text) often dominates raw fusion novelty.

2.3.3 Summary of Fusion Approaches

Across this literature, sophisticated operators alone rarely overcome weak features;
gains track better semantic encoders and task-appropriate inputs. The empirical chap-
ters therefore emphasise pre-fusion text enrichment alongside the chosen early-fusion

classifier instead of only deepening fusion topology.

2.4 Linguistic Backbones for Emotion

2.4.1 Transformer and Embedding Models

Transformer encoders (BERT, RoBERTa [39], XLNet, DistilBERT) supply contex-
tual representations that define the modern affective NLP stack; comparative studies
typically give RoBERTa an edge for emotion classification [25-28]. FastText [40]

adds sub-word n-gram composition for informal or rare surface forms, complementing




RoBERTa’s WordPiece coverage on disfluent transcripts. The implementation later con-

catenates RoBERTa-derived features with FastText vectors as parallel linguistic streams.

2.4.2 Lexicon-Based Approaches

The NRC Emotion Lexicon [41] maps vocabulary items to categorical affects and sen-
timent, producing compact utterance profiles without gradient learning and informing
knowledge-graph style enrichments for dialogue [33]. Contextual models, static em-
beddings, and lexicon lookups capture different failure modes, so prior work rarely
stacks all three before fusion [29-32]; the proposed hybrid text module exploits exactly
that gap.
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2.5 Datasets for Multimodal Emotion Recognition

The Interactive Emotional Dyadic Motion Capture (IEMOCAP) database [43] was
used as a benchmark: it consists of 12 hours of dyadic (actor-actor) scripted and
spontaneous interactions between 10 actors, with each enactment having sentence-
aligned audio, video, manual text, nine categories and dimensional annotations
(valence, arousal, dominance). Majority vote labels allow reproducible splits, and add
ambiguity where moderate imbalance favours some affective states. IEMOCARP is the
setting where they want to compare the fusion literature, and it is justifiable on several
grounds: Dyadic structure, synchronized modalities, and extensive prior reporting. In
addition, related resources, such as MELD (television dialogue), CMU-MOSEIL
(YouTube monologues with sentiment/emotion tags), and RAVDESS (acted audio—
vision without rich transcripts), exist that show other acoustic and visual distributions,
with generalisation challenges beyond the studio captured resources, but are not
included in the experimental study and are only presented here as a framing device for
future extension (Chapter 6).

2.6 Evaluation Methodology in Imbalanced Multi-Class Settings

Imbalanced emotion corpora require metrics beyond accuracy: overall accuracy over-
weights head classes, whereas macro-averaged precision, recall, and F1 treat each class
equally [34, 35]; weighted averages interpolate by class support and can hide minor-
ity underperformance. Per-class precision, recall, F1, and confusion matrices expose
which affective categories merge (e.g., aroused negatives). Headline results therefore
foreground macro F1 alongside accuracy and weighted summaries, and pairwise model
comparisons use two-proportion Z-tests on matched test outcomes [36-38] (with Mc-
Nemar’s or bootstrap methods as common alternatives when reporting correlates of

decisions).




2.7 Research Gap and Positioning of This Work

Prior multimodal IEMOCAP systems span the low-to-mid 60%s with classical fusion
stacks through roughly 75% when strong transformers and cross-modal attention are
used, yet many pipelines still inject a single linguistic encoder, report headline accuracy
only, or omit significance testing, and few dissect semantic audio (ASR text) versus raw
acoustics inside fusion [12]. The chapters ahead therefore (i) stack RoOBER Ta, FastText,
and NRC before image-level fusion, (ii) pair macro metrics, per-class tables, and Z-
tests with leave-one-modality studies, and (iii) document how selective audio-to-text
integration shifts performance relative to acoustic baselines, closing the empirical and
reporting gaps noted above.




CHAPTER 3
METHODOLOGY AND PROPOSED SYSTEM DESIGN

3.1 Research Design Overview

This thesis follows an experimental quantitative design: controlled unimodal base-
lines (audio, text, image) isolate modality-specific behaviour, then a multimodal fu-
sion model integrates all streams and we measure the incremental effect of each de-
sign choice. Dependent variables are classification accuracy and Macro F1; indepen-
dent variables include modality combination (audio-only, text-only, image-only, im-
agettext, image+texttaudio— text), optimiser (Adam, RAdam, Lion, AdamW), MLP
depth (2—4 layers), and text encoder type (1D CNN vs. LSTM). We apply selective in-
tegration—rather than fusing raw Mel-spectrograms, audio is transcribed with OpenAl
Whisper [44] and merged with the primary transcript stream. Pilot runs showed lexical
features derived from speech outperformed raw acoustics in the shared MLP head; on
conversational IEMOCAP data, what is said often dominates fine-grained discrimina-
tion relative to prosody alone, maximising useful information per fused dimension.
Figure 3.1 summarises the workflow: raw [EMOCAP inputs, modality-specific pre-
processing, unimodal baselines, multimodal fusion with pre-fusion text enrichment, op-

timiser and depth search, then class-fair evaluation and statistical testing.
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Figure 3.1: General research design flowchart showing the end-to-end pipeline from
raw IEMOCAP data through pre-processing, unimodal baselines, multimodal fusion,
optimisation, and evaluation.

3.2 Dataset Description

3.2.1 IEMOCAP Composition and Class Selection

IEMOCAP [43] is the sole benchmark: five sessions of dyadic conversation among
ten speakers (five male, five female), roughly twelve hours of data. Each session pro-
vides time-aligned 16 kHz WAV audio, multi-view upper-body video (A VI), and manual
transcripts with speaker tags. Scripted and improvised segments mix posed and semi-
spontaneous affect. Of nine annotated categories, four (fearful, surprised, disgusted,
happy) fall below roughly five hundred usable samples after filtering; we retain five
well-represented classes—frustrated (1,848), angry (1,205), neutral (1,201), excited

(1,153), and sad (978)—spanning valence and arousal.

3.2.2 Data Splitting Strategy

Splits are by session (80:20): Sessions 1—4 train (90:10 train—validation internally) and
Session 5 test. Each session uses a distinct speaker pair, so no speaker appears in
both train and test—avoiding identity-driven shortcuts in voice or face—and the head-
line 86.48% reflects unseen-speaker generalisation. Training batches use stratified sam-

pling to preserve class ratios. For images, unconstrained frame extraction would skew




frequency toward expressive classes; we cap at 5,000 faces per emotion via stratified

speaker-level sampling (25,000 images total). Table 3.1 summarises counts after filter-

ing.

Table 3.1: Dataset distribution across modalities after filtering to five emotions.

Emotion Audio Text Image* Multimodal

Frustrated 1,848 1,857 5,000 3,471
Angry 1,205 1,209 5,000 3,957
Neutral 1,201 1,208 5,000 2,582
Excited 1,153 1,171 5,000 2,268
Sad 978 981 5,000 2,620
Total 6,385 6426 25,000 14,898

*Capped at 5,000 per category via stratified speaker-level sampling.

3.3 Pre-processing and Data Alignment

3.3.1 Audio and Text Pre-processing

Whisper [44] (“base™) transcribes each segment to text with timestamps; audio is re-
sampled to 16 kHz, segments under 0.6 s are dropped, and Mel-spectrograms (128 Mel
bands, 25 ms window, 10 ms hop, dB normalisation) feed the audio CNN. Transcripts
are cleaned by removing session IDs, timestamps, speaker tags, and bracketed non-
verbal cues; RoBERTa BPE tokenisation truncates at 128 tokens, while the same surface
string is whitespace-tokenised for FastText lookup.

3.3.2 Image Extraction and Multimodal Alignment

MTCNN detects and aligns faces (five landmarks), sampling every fifth frame, crop-
ping to the standard 224 X 224 ResNet input; the per-class 5,000-image cap matches
Section 3.2. Dialogue IDs align utterances across modalities; we keep one face per
utterance (frame nearest the utterance midpoint), yielding 14,898 synchronised image—

text pairs.

3.4 Unimodal Audio Model

The audio pathway (Figure 3.2) treats dB-normalised Mel-spectrograms (128 bands) as
2D inputs, trading raw waveforms for a compact perceptual map with more temporal
detail than MFCCs for convolutional processing. Three stacked blocks apply Conv2D
(1—+32, 3264, 64— 128 channels, 3x3 kernels), each followed by Batch Normalisa-

tion, ReLU, and 2 X2 max pooling, yielding spectro-temporal pattems robust to absolute




loudness.

Learned softmax attention weights the temporal slices of the final feature map; the
attended vector feeds a two-layer MLP with ReLU, dropout, and a five-way Softmax.
The standalone audio CNN has ~34 1K parameters, runs at45 s per epoch on a Tesla T4,

and infers in 12 ms per sample.
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Figure 3.2: Unimodal audio model architecture: Mel-spectrograms are processed
through a 2D CNN with attention and classified by an MLP.

3.5 Unimodal Text Model (Hybrid Linguistic Stream)

Figure 3.3: Unimodal text model architecture: three parallel streams (RoBERTa + 1D
CNN, FastText + FC,NRC Lexicon) are concatenated into a 256-d vector and classified
by an MLP.

Figure 3.3 outlines the hybrid encoder. Cleaned utterances pass through roberta-base
[39], producing 768-d token embeddings; instead of [CLS J-only pooling, multi-width
Conv1D filters (lengths 3-5) with ReLU and AdaptiveMaxPool1D skim local n-grams
that often encode affect, yielding a fixed-length representation richer than a single

pooled token for short, conversational text.




Pre-trained cc.en.300.bin supplies 300-d FastText embeddings per token; utter-
ance vectors are mean-pooled and linearly projected to 128 dimensions, with charac-
ter n-gram composition covering contractions and colloguial out-of-vocabulary forms
common in [EMOCAP,

The NRC Emotion Lexicon [41] maps each word to eight emotions plus posi-
tive/negative sentiment; per-dimension scores are summed over the utterance and passed
through a small FC for scale alignment. The three streams are concatenated and pro-
Jjected to a 256-d embedding reused in fusion; a two-layer ReLU/dropout MLP performs
five-way classification. The module holds ~125M parameters (RoBER Ta-dominated),

trains in 102 s per epoch, and infers in 15 ms on a Tesla T4.

3.6 Unimodal Image Model

Image inputs (Figure 3.4) use ResNet-18 [42] with ImageNet weights: early residual
blocks stay frozen for low-level structure, upper blocks fine-tune on aligned 224x224
face crops. Global average pooling yields a 512-d embedding; a lightweight self-
attention reweights feature dimensions to emphasise expression-relevant cues, followed

by a linear layer and Softmax over five classes.
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Figure 3.4: Unimodal image model architecture: ResNet-18 extracts 512-d face embed-
dings, refined by self-attention before Softmax classification.

The unimodal image network totals 11.1M parameters, trains in 35 s per epoch, and
achieves 5 ms inference latency; the 5,000-image-per-class cap plus stratified speaker

sampling mitigates class skew.

3.7 Multimodal Fusion Architecture

3.7.1 Two-Track Pipeline and Pre-Fusion Enrichment

Figure 3.5 shows parallel visual and linguistic tracks: ResNet-18 maps each face crop
to 512 dimensions, while Section 3.5’s hybrid encoder processes transcripts. Unlike
pipelines that supply a single transformer vector, RoOBERTa, FastText, and NRC are
composed before visual concatenation, giving concatenation-based fusion a linguisti-
cally rich manifold (contextual semantics, sub-word coverage, lexicon priors) rather
than relying on a more intricate fusion operator alone.

For the full multimodal system, audio is not represented by Mel maps at fusion time:




Whisper [44] augments the text stream, so audio contributes lexical content under the
selective-integration rationale (Section 3.1). The integrated model has 136.3M param-

eters, trains in 153 s per epoch, and achieves 21 ms inference latency on a Tesla T4.
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Figure 3.5: Multimodal model architecture: two parallel tracks (visual and linguistic)
are fused through concatenation into a 928-d descriptor, classified by a three-layer MLP.

3.7.2  928-d Descriptor and MLP Classifier
Concatenating ResNet features with the ROBER Ta—CNN, FastText, and NRC branches
yields

fiused = [fresnet || frRoBERTA-ONN || frastrext | | furc] 5 R (3.1)
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(| denotes stacking), i.e., 512 + 256 + 128 + 32 dimensions. A three-layer MLP with
ReLU and dropout implements 928 — 512 — 256 — 128, capped by 128 — 5 Softmax.
Chapter 5 shows three hidden layers strike the best bias—variance trade-off for this de-
scriptor: two layers underfit cross-modal mixing, while four layers add capacity without

accuracy gains.

3.8 Mathematical Formulation

3.8.1 Macro-Averaged Classification Metrics

Per-class precision, recall, and F1 follow the usual definitions from the confusion ma-
trix; macro-precision, macro-recall, and macro-F1 are unweighted averages over the

C = 5 classes, giving minority categories (e.g., sad at 978 samples) equal influence to




majority ones (e.g., frustrated at 1,848) in the headline scores reported alongside accu-

racy.

3.8.2 Two-Sample Two-Proportion Z-Test

Pairwise accuracy comparisons use a two-sample two-proportion Z-test with pooled
variance [36-38]:

fi-p s fitn
. ' ny+my
31— ) (L L 1 +m
V‘p m(ﬂﬁm) 32)

where p*i, p*2 are the observed accuracies, x; the numbers of correct predictions, n the

Z=

paired test counts (i = n2 = 14,898 here), and p” the pooled proportion under Ho:
p1 = p2 versus the two-sided alternative. We use @ = 0.035, assume approximately
independent outcomes within each model and large-sample normality (n 7 and n(1 — p~)

well above 10), and compare |Z] to the two-tailed critical value 1.96.




CHAPTER 4
IMPLEMENTATION

4.1 Hardware and Software Environment

All experiments were conducted on an NVIDIA Tesla T4 GRaccessed through Google
Colab Pro. The Tesla T4 provides 16 GB GDDR6 memory, 2,560 CUDA cores, and 8.1
TFLOPS of FP32 performance, with Tensor Core support delivering up to 65 TFLOPS
at FP16 precision. The host system provided 25 GB of RAM and 100 GB of temporary
disk storage for dataset and model files. Table 4.1 lists the complete software stack with

version numbers used throughout the experiments.

Table 4.1: Software stack with version numbers.

Component Version
Python 3.10
PyTorch 2.1
CUDA / cuDNN 12.1/8.9
Hugging Face Transformers ~ 4.35
OpenAl Whisper 20231117
Librosa 0.10
FaceNet-PyTorch (MTCNN) 2.5
FastText 0.9.2
scikit-learn 13
NumPy / Pandas 124/2.1
Matplotlib / Seaborn 3.8/0.13

4.2 Data Pipeline Implementation

4.2.1 Audio Processing and Whisper Transcription

The Whisper transcription pipeline loads the whisper-base model, processes each
IEMOCAP audio file (resampled to 16 kHz), and saves the resulting transcription with
its dialogue identifier. Segments shorter than 0.6 seconds are filtered out, as are non-
speech segments that produce empty transcriptions. Mel-spectrograms are computed
via Librosa with 128 Mel bands, a 400-sample FFT window (25 ms at 16 kHz), and a
160-sample hop length (10 ms). Power-to-dB conversion is applied for dynamic range

compression, and each spectrogram is normalised to zero mean and unit variance per




frequency band.

4.2.2  Face Extraction and Multimodal Alignment

MTCNN extracts faces from every 5th video frame with minimum face size of 40 pixels
and detection confidence threshold of 0.95. Detwd faces are aligned using five facial
landmarks (eyes, nose, mouth corners), cropped to 224 X 224 pixels, and standardised
using ImageNet mean and standard deviation. The 5,000-per-class cap is enforced via
stratified random sampling after all frames for a class have been extracted. Multimodal
alignment uses IEMOCAP’s dialogue identifier system: each transcript is matched to its
audio file, paired with the face image from the temporally closest video frame, and ver-

ified for label consistency. This process yields 14,898 synchronized image—text pairs.

4.3 Model Implementation Details

Table 4.2 summarises the three-stream text module, and Table 4.3 details the multi-
modal MLP classifier.

Table 4.2: Text module stream specifications.

Stream Source Raw Dim Output Dim

A RoBERTa+ 1D CNN 768 256

B FastText+ FC 300 128

C NRC Lexicon + FC 10 32
Concatenated output 416 — 256 (projected)

The roberta-base model (125M parameters) is loaded with pre-trained weights;
the first 8 of 12 layers are frozen, and the remaining 4 layers plus the 1D CNN clas-
sifier head are fine-tuned with a discriminative learning rate (2 X 10~ for transformer
layers, 1 X 10-3 for the classifier). FastText embeddings (cc.en.300.bin) are mean-
pooled per utterance and projected to 128 dimensions. The NRC Emotion Lexicon
(14,182 words, 10 dimensions) is summed per utterance and projected to 32 dimen-
sions. ResNet-18 is initialised with ImageNet weights; layer] and layer2 are frozen
while the deeper layers and the self-attention head are fine-tuned (11.1M total parame-

ters).
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Table 4.3: Multimodal MLP classifier architecture.

Layer Input Dim Output Dim Activation Dropout
4

FC Layer 1 928
FC Layer 2 512
FC Layer 3 256
Output 128

512 ReLU 0.3
256 RelLU 0.3
128 RelLU 0.3

5 Softmax -

The total parameter count of 136.3M is distributed as: RoBERTa (~125M), ResNet-
18 (~11.1M), FastText FC + NRC FC (~0.04M), and MLP classifier (~0.16M).

4.4 Training Configuration

Four optimizers are systematically compared across all 12 configurations (4 optimizers

% 3 MLP depths):

early training.

memory footprint.

Adam: Adaptive moment estimation with default 8 = 0.9, B> = 0.999.

RAdam: Rectified Adam with variance-based adaptive learning rate for stable
Lion: Sign-based optimizer discovered via neural architecture search; lower

AdamW: Decoupled weight decay (1 X 10-2), which regularises independently

of the adaptive learning rate and proves critical for preventing majority-class bias.

Table 4.4 summarises the key hyperparameters for each model variant.

Table 4.4: Training hyperparameters for each model.

Text

Image  Multimodal

aarameter Audio

Learningrate  1x10-3

Batch size 32
Epochs 50
Weight decay -

Dropout 0.3

2x10-3/1x10-3*

16
20

03

1x10-*

32
30

03

Ix10-#
16
25

1x10-2
0.3

*Discriminative LR: lower for RoBERTa layers, higher for classifier head.

All models use cross-entropy loss. Class balance is achieved through stratified sam-

pling (maintaining class proportions in each batch) and the 5,000-per-class image cap

rather than explicit class weighting. Within traiﬁtg sessions (1-4), a 90:10 train/valida-

tion split is used with early st(ﬂ;ing: training halts if validation loss does not improve

for 5 consecutive epochs. The checkpoint with the lowest validation loss is selected for

evaluation on the held-out test set (Session 5).




4.5 Computational Profile and Reproducibility
Table 4.5 summarises the computational profile of each model on the Tesla T4.

Table 4.5: Computational profile of each model on Tesla T4 GPU.

Model Parameters Time/Epoch Inference/Sample
Audio CNN 341K 45s 12ms
Text (hybrid) ~125M 1025 15ms
Image (ResNet-18) 11.IM 35s Sms
Multimodal 136.3M 153 s 21 ms

The multimodal system’s inference latency of 21 ms per sample is well within the
100 ms threshold typically required for real-time HCI applications, suggesting feasibil-
ity for deployment in interactive settings such as conversational agents or video confer-
encing emotion monitors.

To ensure full reproducibility, fixed random seeds (42) are set for Python’s random
module, NumPy, and PyTorch (CPU and CUDA), with deterministic CUDA mode en-
abled. Alltraining metrics (loss, accuracy, per-class F1) are logged at each epoch and
saved to structured CSV files. Model checkpoints are saved with descriptive naming

conventions including model type, optimizer, MLP depth, and epoch number.
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CHAPTER 5
RESULTS AND ANALYSIS

5.1 Pre-processing Outcomes

Audio—text alignment produced 7,100 labelled clips (losses from mismatched dialogue
IDs, corrupt segments, and utterances below (.6 s). After restricting to five emotions,
the filtered corpus comprised 6,385 audio segments, 6,426 text samples, and 25,000
face images (5,000 per class, stratified cap). Matching faces to 7,018 audio-text entries
with one face per utterance yielded 14,898 evaluation pairs; Table 3.1 gives the class

breakdown and motivates macro-averaged metrics under moderate imbalance.

5.2 Unimodal Baseline Results

Table 5.1 lists unimodal runs (Adam, 90:10 train—validation inside training sessions).
The Mel-spectrogram audio CNN reached 32.04% (Macro F1 = 0.2839); the hybrid text
stream (RoBERTa + FastText + NRC) reached 65.00% (0.6600); ResNet-18 faces were
strongest at 79.00% (0.7900), setting the unimodal ceiling before fusion and selective
audio-to-text routing.




5.3 Multimodal Optimization

Table 5.1: Consolidated results: unimodal baselines through optimised multimodal
framework.

Category Model / Configuration Accuracy (%) Macro F1
Audio Model 32.04 0.2839
Unimodal Baselines ~ Text Model 65.00 0.6600
Image Model (Strongest Baseline) 79.00 0.7900
Multimodal Baseline Adam + 2-layer MLP 85.20 0.8570
RAdam + 2-layer MLP 84.93 0.8538
Lion + 2-layer MLP 83.12 0.8395
Optimization Stages ~ AdamW + 2-layer MLP 85.74 0.8627
AdamW + 3-layer MLP (Best) 86.48 0.8690
AdamW +4-layer MLP 85.81 0.8632

5.3.1 Optimizer and Depth Search

Concatenating ResNet-18 with the enriched text vector using Adam and a 2-layer MLP
reaches 85.20% (+6.20 pp over image-only). With depth fixed at two layers, optimiz-
ers rank Adam 85.20%, RAdam 84.93%, Lion 83.12%, and AdamW 85.74%. Fixing
AdamW, the depth sweep gives 2-layer 85.74%, 3-layer 86.48%, and 4-layer 85.81%.
Swapping the text-side 1D CNN for an LSTM yields 85.77% (—0.71 pp), consistent

with short utterances favouring local n-grams.

5.3.2 Best Configuration

The selected setup is AdamW + 3-layer MLP, achieving 86.48% accuracy and Macro
F1 0.8690, i.c. +7.48 pp over the best unimodal image baseline and +1.28 pp over the
initial multimodal stack. The CNN-based multimodal model matches these headline

figures in Table 5.1.

5.4 Role and Contribution of Each Modality

Table 5.2 quantifies unimodal floors and fusion gains toward the full pipeline.
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Table 5.2: Per-modality contribution to the final 5-class prediction.

Configuration Acc. (%) MacroF1 A vs. best unimodal
Audio only (raw Mel-spectrogram) 32.04 0.2839 —46.96

Text only (RoBERTa+FastText+NRC) 65.00 0.6600 —14.00
Image only (ResNet-18) 79.00 0.7900 0.00

Image + Text (audio not transcribed) 85.20 0.8570 +6.20
Image + Text + Audio— Text 86.48 0.8690 +7.48

Leave-one-modality-out progression shows ResNet-18 anchoring at 79.00%, hybrid
text adding the largest increment (+6.20 pp to 85.20%), and Whisper-based speech-to-
text nudging 85.20%—86.48% (+1.28 pp). Together this answers RQ2: fusion benefits
most from enriched text, while audio helps when exposed as transcribed words rather
than raw spectrograms.

In comparison to the other models, RoBERTa ranks among the top performers in
terms of per-class F1 score and could correct the disambiguation of some lexically
similar negative words (e.g., “angry” and “frustrated”). Whisper is able to surface
words or disfluencies that do not appear in the manual transcript, increasing the

semantic lift of the transcription, while Raw Mel doesn't provide much lift on its own.
5.5 Class-wise Performance under Imbalance
5.5.1 Per-Class Metrics

Table 5.3: Precision, Recall and F1 scores per class for final optimised multi-modal
model (AdamW + 3-layer MLP).

Class Precision Recall F1-Score Support
Excited 092 0.91 0.91 454
Sad 0.89 0.88 0.88 524
Neutral 0.87 0.86 0.87 516
Angry 0.85 0.86 0.85 791
Frustrated 0.84 0.83 0.84 695
Macro avg. 0.874 0.868 0.869 2,980

Weighted avg. 0.866 0.865 0.865 2,980

The “Excited” peak is at F1 0.91, the lowest at F1 (.84 due to the overlap with “Angry.”
Macro and weighted F1 are similar with a difference of 0.004, thus supporting RQ3.




5.5.2 Confusion Matrix Analysis

The dominant errors in figure 5.1 are consistent with the adjacent high-arousal
negative states in Russell's circumplex and other facial action units, namely Angry
and Frustrated: the two states switch. Neutral-to-Frustrated/Sad decreases. The type of
dialogue context/ prosody used in this architecture is not sufficient to fully resolve the

angry/frustrated boundary.
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Figure 5.1: The confusion matrix of the final optimised multimodal model (AdamW +
3-layer MLP). The higher the per-class accuracy in all 5 emotions the higher level of
“diagonal dominance” in the data.

5.6 Statistical Significance Analysis

Using Equation (3.2) with m1 = n2 = 14,898, the optimised multimodal model (52 =
mé648) versus image-only (p1 = 0.7900) yields Z = 16.94, far beyond the two-tailed
critical value 1.96 at @ = 0.05 (p << 0.001), so the +7.48 pp gain over the visual baseline
is statistically decisive. A follow-up test versus the next-best multimodal configuration
gives Z= 11.40(p < 0.05), confirming AdamW + 3 layers over alternatives rather than

sampling noise.
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5.7 Comparison with Recent Multimodal Transformer Approaches

Table 5.4: Comparison with recent multimodal emotion recognition methods on IEMO-
CAP. A = audio, V = visual, T = text.

Method Year ﬂ]alilies Fusion Strategy Accuracy (%)
Du et al. [21] 2023 VT Feature fusion + residual connections 61.40
Xu etal. [22] 2023 A+VHT Multi-modal transformer (multi-head attn.) 60.89
Jiang et al. [23] 2020 A+T Contextual fusion w/ info enhancement 65.77
AVaTER (Das et al.)[19] 2024 ARVHT Cross-modal attention transformer ~74
Shayaninasab & Babaali [20] 2024  A+V+T Pretrained transformer fusion ~75
Ours 2026 A—T+V+T  Pre-fusion text enrichment + MLP 86.48

Prior systems cluster in the low-to-mid 60s through ~75% as text encoders and atten-
tion improve; gains appear to track representation quality as much as fusion topology.
Feeding RoBERTa, FastText, and NRC into an early-fused 928-d descriptor with a com-
pact MLP lifts accuracy to 86.48%, underscoring that rich modality-specific features

can outweigh elaborate fusion layers on conversational IEMOCAP-style data.

5.8 Discussion of Findings

The experiments support prioritising modality-specific representation depth before chas-
ing elaborate fusion topologies: a compact MLP on an enriched 928-d vector sur-
passes several transformer-centric systems by wide margins when linguistic inputs carry
RoBERTa, FastText, and NRC information prior to fusion. This aligns with conversa-
tional emotion settings where lexical semantics and lexicon priors disambiguate visu-
ally confusable negatives and where Whisper exposes spoken content without relying
on low-accuracy raw acoustics.

Macro and weighted F1 remain tightly coupled, showing fairness need not trade
off against headline accuracy when sampling and evaluation are designed deliberately.
Together, these observations advocate macro metrics plus significance testing as default

reporting for imbalanced affect corpora.
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CHAPTER 6
CONCLUSION, LIMITATIONS AND FUTURE SCOPE

6.1 Conclusion

This thesis addressed two persistent gaps in multimodal emotion recognition on the

IEMOCAP benchmark: under-enriched linguistic features at the fusion stage and aggregate-

only evaluation that masks minority-class performance. Starting from the observation
that prior multimodal IEMOCAP systems plateau at 61-66% (and up to approximately
75% with recent transformers), we hypothesised that the bottleneck lies not in the fusion
mechanism but in the quality of the linguistic features entering the fusion stage.

To test this hypothesis, we designed a multimodal deep learning system that com-
bines visual features from ResNet-18 with a hybrid text stream integrating three com-
plementary linguistic sources—RoBERTa for contextual semantics, FastText for sub-
word coverage, and the NRC Emotion Lexicon for explicit emotion-word priors—
before fusion. Audio is selectively re-routed through Whisper transcription to augment
the text stream with semantic conggnt rather than raw acoustic features.

The system achieves 86.48% accuracy and a Macro F1 of 0.8690 on the five-class
IEMOCAP benchmark, a 7.48-point improvement over the strongest unimodal base-
line (image-only at 79.00%). Two-proportion Z-tests (Z = 16.94 vs. visual baseline,
Z = 11.40 vs. runner-up multimodal variant) confirm the improvements are statistically
significant. Per-class Fl-scores rangegom 0.84 to 0.91, with a spread of only 0.07,
demonstrating class-fair performance. Table 6.1 summarises the key contributions and

their quantitative impact.

Table 6.1: Summary of thesis contributions and their quantitative impact.

Contribution Key Metric Impact

Hybrid pre-fusion text enrichment Accuracy gain +6.20 pp

Selective audio-to-text re-routing Accuracy gain +1.28 pp
Class-fair evaluation protocol Per-class F1 spread 0.07
Full system vs. best unimodal Overall accuracy +7.48 pp

Statistical significance Z-test 7 =16.94
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6.2

Limitations of the Proposed Study

While the proposed system achieves strong results, several limitations should be ac-
knowledged:

Flat concatenation cannot model inter-modality dynamics. The system treats
all 928 feature dimensions equally and cannot detect temporal cross-modal mis-
matches. For example, sarcasm—where positive words accompany a sad facial
expression—cannot be identified by concatenation alone. Cross-modal attention
or transformer-based alignment [17] could address this limitation.

Persistent angry/frustrated confounding. Despite achieving the best per-class
performance among compared IEMOCAP studies, the Angry/Frustrated pair re-
mains the most confounded (F1 of 0.85 and 0.84 respectively). This confusion
reflects the inherent proximity of these two emotions in arousal-valence space
and may require dialogue-level context, finer prosodic features, or dominance-
dimension cues for resolution.

IEMOCAP as a controlled lab dataset. All results are established on IEMO-
CAP’s controlled laboratory environment with consistent lighting, clear face vis-
ibility, and semi-professional actors. Generalisation to noisy, spontaneous, real-
world conditions—variable lighting, background noise, overlapping speech, cul-
tural diversity—remains unvalidated.

Single-dataset evaluation. The study uses only IEMOCAP; cross-corpus vali-
dation on MELD, CMU-MOSEI, or RAVDESS would strengthen the generalis-

ability claims.
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6.3

Future Scope

Based on the findings and limitations of this study, the following directions are identi-

fied for future research:

Attention/Transformer-based fusion replacement. Replacing flat concatena-
tion with cross-modal attention or a lightweight transformer-based fusion module
could enable the system to model inter-modality interactions. Given the already
high performance with concatenation, even modest gains from attention-based
fusion would push accuracy into the high 80s or low 90s on IEMOCAP.

Smarter class-balancing for multimodal settings. Applying SMOTE or domain-
aware augmentation—generating synthetic multimodal samples for underrepre-
sented classes—could sharpen the Angry/Frustrated boundary. Class-weighted
loss functions sensitive to each emotion’s acoustic and visual profile could fur-
ther improve minority-class performance.

In-the-wild corpora validation. MELD (TV show dialogues with sound) and
CMU-MOSEI (YouTube monologues with diverse speakers) would be a good

test under real conditions.

Dialogue level context and other prosodic features. Use past utterances in
conversation to make the emotion(s) more apparent that depend on
conversational flow. Including extra prosodic information (pitch contour,
speaking rate) in Whisper's transcription might be possible by using a parallel
Wav2Vec 2.0 encoder.

Light-weight model optimisation. Model compression methods like
knowledge distillation and quantisation could further bring down the 136.3M
number of parameters and keep the accuracy intact, allowing it to be deployed

on the edge devices and mobile platforms.
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