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Abstract: Multimodal social media data contain textual, visual, and emoji information that can provide complementary cues for sentiment
analysis. However, combining these modalities remains challenging because they differ in representation and may contain redundant or noisy
information. This study presents an Adaptive Fusion-Driven Multimodal Sentiment Analysis Framework that combines U-Net++ with self-
attention, a Capsule Network encoder-decoder, a Cross-Modal Transformer, and a Transformer-Enhanced Extreme Learning Machine (T-ELM).
U-Net++ with self-attention extracts contextual features, while the Capsule Network captures hierarchical relationships among the extracted
representations. The Cross-Modal Transformer then models interactions between the text, image, and emoji modalities before classification by
T-ELM. The trimodal experiments use 9,200 samples selected from the Social Media MultiSent Dataset (SM-MSD), with positive, neutral,
and negative sentiment polarity as the target classes. Using a 70% training, 15% validation, and 15% test split, the proposed framework achieves
competitive sentiment classification performance across the evaluated datasets. The results show that the proposed fusion framework effectively
combines complementary multimodal information while keeping the final classification stage lightweight.
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1 INTRODUCTION

Sentiment analysis (SA), also known as opinion mining, is an important field of natural language processing (NLP) that aims
to understand the polarity and emotional characteristics expressed in textual, visual, and symbolic data [1]-[3]. Transformer-based
models such as BERT, RoBERTa, and GPT have improved the ability to capture contextual dependencies and semantic information
in text. However, scalability and effective cross-modal fusion remain challenging in dynamic social media environments. Deep
learning-based multimodal sentiment analysis approaches have explored image-text fusion mechanisms to capture interactions
between heterogeneous modalities and improve sentiment representation [4]. Hybrid architectures such as CNN-LSTM and grid
LSTM-CNN have shown good performance on specific datasets. However, their performance may suffer when applied to
heterogeneous or unseen data sources. Feature redundancy, class imbalance, and domain differences further complicate multimodal
sentiment analysis.

Social media data often contain informal language, emojis, sarcasm, and slang, which can make sentiment interpretation
difficult. Transformer-based multimodal approaches have been investigated to capture contextual information and cross-modal
interactions for sentiment analysis, particularly when integrating heterogeneous social media content [5]. Big-data sentiment
analysis frameworks provide scalable processing through distributed architectures, but computational cost and model
interpretability remain important considerations. Recent emotion detection and depression analysis models have also shown
promising results under specific conditions. However, many of them focus mainly on textual or task-specific information rather
than jointly modeling multiple modalities [6]. These limitations motivate the development of multimodal approaches that can
combine semantic and emotional information across different types of social media content [7].

Multimodal Sentiment Analysis (MSA) has gained increasing attention in recent years because it can combine information
from multiple data types for sentiment prediction [8]. Thandaga Jwalanaiah et al. [9] proposed a novel deep learning architecture
for MSA that includes analytics units for text, image, and discretization control. Chandrasekaran et al. [10] studied visual sentiment
prediction using transfer learning approaches such as VGG-19, ResNet50V2, and DenseNet-121, achieving accuracies of 0.73,
0.75, and 0.89. Deep learning developments have considerably revolutionized traditional sentiment analysis of textual data. Alsayat
et al. [11] have proposed a novel deep learning model that combines word embedding and LSTM ensemble modeling. Behera et
al. [12] also presented a Co-LSTM architecture that is highly scalable and domain-independent for large-scale textual data.
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Another important development is a hybrid feature extraction technique that incorporates review- and aspect-specific features
categorized by an LSTM model, proposed by Kaur et al. [13]. Priyadarshini et al. [14] further expanded this paradigm by developing
a novel LSTM-CNN-grid search-based neural network model that outperformed baseline CNN, KNN, and LSTM models,
achieving accuracies over 96%. BERT-based sentiment analysis has also been applied to cryptocurrency markets by combining
contextual sentiment features with market microstructure information [15]. Pasham et al. [16] have looked into the scalability of
graph-based techniques in social network analysis for use cases such as sentiment analysis and anomaly detection. Their work
illustrates real-time analysis using distributed computing and graph machine learning, with a focus on constraints and ethics in
large-scale social data mining.

Sentiment analysis has now started being used in mental health and affective computing. Tejaswini et al. [17] present a recent
text-based approach to depression detection, proposing a novel “FastText CNN-LSTM (FCL)” hybrid model to address depression
detection through text. The model uses FastText embeddings along with a CNN for extracting global patterns and an LSTM for
capturing local dependencies. This combination improves the representation of textual patterns associated with depression
indicators. Helmy et al. [ 18] also made a significant contribution to depression detection by proposing five machine learning models
for the same task on English and Arabic tweets. The most effective model achieved an F1-score of 96.6% for Arabic texts using
newly built corpora of manually and automatically annotated data. They also developed a web application for real-time depression
detection.

Several studies have also focused on domain-specific applications of sentiment analysis. For example, Alfaisal et al. [19]
implemented CNN models for performing sentiment analysis on tweets related to the Metaverse. It was designed for the short,
informal language patterns common in social media and achieved 96% accuracy, with precision and recall above 0.95. Kuruva et
al. [20] proposed an innovative sentiment analysis model that uses text and emojis with CNN, MLP, and Hybrid LSTM-RNN
classifiers. Although deep learning has advanced multimodal sentiment analysis, several gaps remain.

1. Several existing multimodal systems perform modality-specific feature extraction before combining the resulting

representations [9], [10].

2. Transformer-based approaches such as BERT-CBRNN primarily focus on contextual text representation, while handling

emoji-based sentiment, sarcasm, and noisy social-media expressions remains challenging.

3. Distributed big-data sentiment analysis frameworks provide scalability, but computational cost and interpretability remain

important considerations [16].
4. Several emotion-recognition approaches focus on specific affective dimensions or particular application settings, leaving
scope for models that jointly consider complementary multimodal cues [17], [18].

These gaps motivate an adaptive, fusion-driven architecture that integrates complementary multimodal signals through learned
representations. Both unimodal and multimodal sentiment analysis models face challenges in learning relationships between
different modalities, handling noisy social-media content, and maintaining consistent representations across datasets. These
limitations motivate the development of a fusion-driven multimodal framework that combines textual, visual, and emoji-based
sentiment cues to improve contextual representation and sentiment prediction. The primary objectives of the proposed research
work are as follows:

1. To develop a cross-modal deep learning approach for integrating textual, visual, and emoji-based sentiment cues using

attention-enabled feature extraction and fusion mechanisms.

2. To develop a multimodal learning framework that can improve sentiment classification performance while reducing the

computational burden of the final classification stage.

The novelty of this work is the development of an Adaptive Fusion-Driven Multimodal Sentiment Analysis Framework that
integrates U-Net++, Capsule Networks, a Cross-Modal Transformer, and a Transformer-Enhanced Extreme Learning Machine (T-
ELM) to fuse multimodal representations while keeping the final classification stage efficient. The framework uses attention-based
feature refinement and multimodal representation fusion to combine complementary information from the text, image, and emoji
modalities. The T-ELM provides a lightweight final classification stage while preserving the multimodal representation learned by
the preceding modules. The contributions of this study are outlined below:

1. An adaptive multimodal sentiment analysis framework is developed to jointly integrate textual, visual, and emoji

information through a unified fusion architecture.

2. A hierarchical multimodal representation learning strategy is introduced by combining self-attention-enhanced U-Net++,
an encoder—decoder Capsule Network, and a Cross-Modal Transformer to capture complementary and contextual
information across modalities.

3. A Transformer-Enhanced Extreme Learning Machine (T-ELM) classification stage is incorporated to provide lightweight
final sentiment classification using the fused multimodal representation.
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Table 1. Summary of sentiment analysis.
Ref. ereet:od / Focus ﬁ(g)gle‘;t{}l;é Methodology / Key Contributions Outcomes / Results
Multimodal SRNN-MAFM Combines tex? and image analyfucs using Accuracy: 97.8% (text),
. . VCA-MSERs; stacked RNN with multilevel o) s )
Sentiment Analysis + PDC-SAM + . ) 97.7% (visual), 90%
[9] attention for text and CNN with parallel- .
(Text + Image + Boolean dilated convolution for imaces: Boolean (multimodal) on STS-Gold,
Embedded Text) Decision Model . ) £e55 Flickr8k, B-T4SA.
logic for fusion.
LSTM + Word Develops robust contextual embedding; High accuracy on Twitter,
[1] Contextual Text Embedding + ensemble of baseline classifiers with LSTM ~ Amazon, Yelp datasets;
Sentiment Analysis Ensemble to manage unseen words and domain improved contextual
Learning variation (e.g., COVID-19). generalization.
. . VGG-19, Uses transfer learning with fine-tuning (layer Accuracy: 0.73 (VGG-19),
Visual Sentiment . . o 0.75 (ResNet50V2), 0.89
[10] ) ResNet50V2, freezing/unfreezing) and regularization on ol
Analysis e (DenseNet-121); improved
DenseNet-121 the Crowdflower Twitter image dataset. by 5-10%
— 0.
[12] Text Sentiment CNN + LSTM Domain-independent model for large-scale ]Cézlt‘ngogls Z(lii:;cg;né) ur
Analysis (Hybrid) ~ (Co-LSTM) social data. Arning bas
diverse review datasets.
LSTM + Hybrid Uses NLP preprocessing anq construets Avg. Precision: 94.46%,
Aspect-based hybrid feature vectors combining review- o
[13] . . Feature Recall: 91.63%, F1-score:
Sentiment Analysis . related and aspect-based features for o
Extraction . . . 92.81%.
sentiment classification.
0/ . 3
Optimized Deep LSTM-CNN- Combines CNN and LSTM with grid search Aecricgﬁgnzzic/;’o:penor
[14] Sentiment Grid Search- hyperparameter optimization; compared with precision sensitivit
Classifier Based DNN CNN, KNN, and NN baselines. precision, ¥
specificity, and F1-score.
Depression FastText + CNN Uses FastText for semantic embeddings, Improved representation and
. CNN for global features, LSTM for .
[17] Detection from + LSTM (FCL . . . detection accuracy of
sequential dependencies; applied to Lo
Text Model) . . depression indicators.
depression-related text analysis.
Graph-Based Real-  Graph Focgses on scalable graph algorlthms for Showed scalability and real-
. . . sentiment, anomaly, and community . ’
[16] Time Social Algorithms + . . o time performance; addressed
. detection with parallel and distributed .
Network Analysis ~ ML on Graphs learning ethical challenges.
Domain-Specific Applies CNN to classify Metaverse-related oK. ..
[19] SA (Metaverse CNN tweets; handles informal text via tokenization Accuracy: 96%; Precision
. and Recall >0.95.
Tweets) and normalization.
Depression ML Classifiers + E)Oeveolr(;p (ev(\l/i?hr/a\lz\l/)iltch_o?ltel; Elgg;?)q 5:1%11 éilh F1-score: 96.6% (Arabic),
[18] Detection (Arabic Language- m(l;gels for binarv and mliglti—cla;s 92% (English binary), 88%
& English Tweets)  Specific Corpus . . y (English multi-class).
classification.
1 1 . 0/ .
Crypto Market Efﬁ; lieep Integrates BERT-based sentiment with }S);Zdlcslﬁz t?g?lzlrgzx 91.2%;
entiment an market microstructure data; includes s .
15]  Senti d & ket mi data; includ P O
.. Market . Precision: 92.3%; Real-time
Prediction . attention and temporal modules.
Indicators latency < 100 ms.
Incorporates text and emoji features using e
Emoji-Enhanced ~ Chn © NNy hybrid CNN-MLP-LSTM; weight Specificity improved up to
[20] Sentiment Analysis LSTM- - optimization via Electric Fish Customized 42.75% over baseline
Y ECSSO P models for a 70% data ratio.

Shark Smell Optimization.

2 METHODOLOGY

The proposed Adaptive Fusion-Driven Multimodal Sentiment Analysis Framework (AFDMSAF) integrates U-Net++ with
self-attention, an Encoder—Decoder Capsule Network (CNED), a Cross-Modal Transformer, and a Transformer-Enhanced Extreme
Learning Machine (T-ELM). The framework processes textual, visual, and emoji inputs and fuses their representations for sentiment
classification. The overall processing sequence comprises hierarchical feature extraction, capsule-based semantic representation,
cross-modal transformer refinement, and final classification with T-ELM. The data flow is defined as follows.
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First, U-Net++ with self-attention extracts hierarchical representations from the modality-specific inputs. The Capsule
Network then processes these representations to capture higher-level relationships among the extracted features. The Transformer
module subsequently processes the resulting capsule representations to refine their contextual representations before multimodal
fusion. Finally, the resulting representation is passed to T-ELM for three-class sentiment classification.

Stage 1: Multimodal Feature Extraction using U-Net++ with Self-Attention

The first stage converts the text, image, and emoji inputs into feature representations suitable for multimodal learning. Text
and emoji inputs are represented as sequences of embeddings, while images are converted into visual feature representations. U-
Net++ with self-attention is then used to refine the modality-specific features and capture information at different levels of
representation. For sequential representations, the U-Net++ feature extraction process is adapted with one-dimensional
convolutions, and self-attention models relationships between the extracted features.

Stage 2: Semantic Representation using Encoder—Decoder Capsule Network

These extracted features are passed to an Encoder—Decoder Capsule Network, which captures hierarchical relationships within
the multimodal feature representations. Capsules provide higher-dimensional representations of feature vectors and can encode
information about the strength and relationships among sentiment cues. During encoding, a dynamic routing mechanism transforms
the feature representations into capsules, while the decoder reconstructs the corresponding feature representation. Unlike
conventional convolutional representations, the Capsule Network preserves hierarchical relationships among extracted features and
provides a richer representation of sentiment-related cues.

Stage 3: Transformer-Based Contextual Refinement and T-ELM Classification

In the final phase, the Transformer-refined multimodal representation is passed to the Transformer-Enhanced Extreme Learning
Machine (T-ELM) for sentiment classification. The Transformer module first refines the capsule-derived representations using
multi-head self-attention to capture contextual relationships among the feature vectors. The enhanced representation is then passed
to the T-ELM classifier, which uses a 512-neuron hidden layer with sigmoid activation followed by a three-neuron output layer for
sentiment classification.

This design provides a lightweight final classification stage while retaining the multimodal representation learned by the
preceding modules. Fig. 1 illustrates the overall architecture of the proposed framework. The processing pipeline begins with the
multimodal input tuple. X = {T,V, E}, where T'is the text sequence V, which represents the RGB image, and E corresponds to the
emoji sequence. The textual input is tokenized into a maximum sequence length of 128 tokens, producing an input tensor of size
(32 x 128) for a batch size of 32. After transformer-based embedding, the textual representation becomes (32 x 128 x 256), where
256 is the embedding dimension. The image input is resized to 224 x 224 x 3, resulting in an input tensor of (32 x 224 x 224 x 3).
The encoder progressively extracts hierarchical features through four stages, producing feature maps of (32 x 112 x 112 x 64), (32
X 56 x 56 x 128), (32 x 28 x 28 x 256), and (32 x 14 x 14 x 512), respectively. The decoder reconstructs the multiscale
representation using dense skip connections, and global average pooling compresses the final feature map to obtain an image
embedding of size (32 x 256). Emoji sequences are first mapped into sentiment-aware embeddings of dimension 128, which is
resulting in an embedding tensor of (32 x 20 x 128) for the maximum emoji sequence length of 20.

A linear projection layer transforms these embeddings into 256-dimensional vectors, producing an output tensor of (32 x 20 X
256). All three modalities are therefore projected into a common latent feature space of identical dimensionality before fusion. The
resulting multimodal representations are subsequently processed by the Transformer module using multi-head attention to refine
contextual relationships among the modality-specific features. The refined multimodal representations are aggregated to obtain a
compact 256-dimensional representation for the final T-ELM classifier. The three output logits correspond to the positive, neutral,
and negative sentiment classes, and the predicted class is determined from the highest output probability. The proposed framework's
operational workflow is summarized in the following steps.

2.1. Multimodal Data Preprocessing and Feature Extraction using U-Net++ with Self-Attention

The preprocessing and feature-extraction stages form the first part of the proposed multimodal sentiment analysis system. The
objective is to convert heterogeneous data sources, including text, images, and emojis, into a common, high-quality feature
representation for semantic modeling. The U-Net++ model, together with a self-attention mechanism, enables effective context-
based feature extraction, noise reduction, and preservation of semantic information. Compared with CNN-based feature extractors,
the designed U-Net++ model with self-attention enables hierarchical, dense feature learning through their integration. U-Net++ is
not applied directly to raw textual sequences or emoji symbols as a conventional image segmentation network. Instead, embedding
layers and positional encoding first transform the textual tokens and emoji embeddings into dense contextual representations.
Specifically, the text input is tokenized into a sequence of 128 tokens, and each token is projected into a 256-dimensional
embedding, yielding a 128 x 256 feature matrix. Similarly, emoji sequences are converted into 256-dimensional sentiment-aware
embeddings, producing a 20 x 256 feature matrix. These matrices are interpreted as one-dimensional feature maps, where the
sequence length corresponds to the spatial dimension and the embedding channels correspond to feature channels.
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Fig. 1. Proposed adaptive fusion-driven multimodal sentiment analysis framework.

Accordingly, the two-dimensional convolution operations used in the original U-Net++ are replaced with one-dimensional
convolutions, allowing the adapted network to extract local semantic patterns from the sequential embeddings. The nested dense
skip connections are preserved to facilitate multi-scale feature reuse and improve gradient propagation between the shallow lexical
representations and deeper semantic representations. During the encoder stage, successive 1D convolution and pooling operations
progressively capture higher-level contextual semantics, while the decoder reconstructs fine-grained contextual information
through the dense skip connections that merge encoder and decoder features at multiple resolutions. Therefore, the adapted U-
Net++ functions as a hierarchical sequential feature extractor rather than a conventional image segmentation network, allowing the
textual and emoji representations to capture contextual and multi-scale semantic information before multimodal fusion. The
operational workflow of the proposed framework is summarized in Algorithm 1.

2.1.1. Multimodal Data Preprocessing

The preprocessing stage standardizes, denoises, and semantically aligns the multimodal inputs before they enter the deep
learning pipeline. Three input modalities, text, image, and emoji, are subjected to separate yet complementary normalization
pipelines, as summarized in Table 2. During preprocessing, textual data is first normalized by removing irrelevant symbols and
punctuation, followed by tokenization and embedding using BERT embeddings E; € R™*4t, where 7 is the sequence length, and
d; is the embedding dimension. The embedding operation can be expressed as in Eq. (1).

Er = fggrr(W1, Wy, .., W) (D

where fggrr is the pretrained BERT transformer function mapping words w; to contextual embeddings.

IJERESM@2026 https://doi.org/10.58482/ijeresm.v5i3.8 114


http://www.ijeresm.com/
https://doi.org/10.58482/ijeresm.v5i3.8

e E s International Journal of Emerging Research in Engineering, Science, and Management
> Z Vol. 5 | Issue 3 | pp. 110-128 | Jul-Sep 2026.
B www.ijeresm.com | elSSN — 2583-4894
N Received: 01 May 2026 | Revised: 28 Aug 2026 | Accepted: 11 Sep 2026 | Published: 19 Sep 2026

Algorithm 1. Adaptive Fusion-Driven Multimodal Sentiment Analysis Framework

# Pseudocode: Adaptive Fusion-Driven Multimodal Sentiment Analysis Framework
Input: Multimodal dataset D = {Text T, Image I, Emoji E}

Output: Predicted Sentiment Labels S pred

BEGIN

# Step 1: Data Preprocessing
for each (T, [, E) in D do

T clean « preprocess_text(T) # tokenization, stopword removal, emoji normalization
T embed « embed text(T clean) # BERT embeddings

I proc « preprocess_image(I) # resizing, normalization

E_embed « embed emoji(E) # emoji2vec or pretrained embeddings

end for

# Step 2: Feature Extraction (U-Net++ with Self-Attention)
for each modality feature in {T embed, I proc, E_embed} do
F_m < U_NetPP_Attention(feature) =~ # Dense convolution + skip connections + self-attention
end for

# Step 3: Multimodal Feature Fusion
F fused < concatenate(F T,F I, F E)
F fused < normalize(F_fused)

# Step 4: Semantic Representation using Capsule Network
Encoded Caps «— Capsule Encoder(F_fused)
Reconstructed <— Capsule_Decoder(Encoded Caps)
Semantic_Embeddings < merge(Encoded Caps, Reconstructed)

# Step 5: Transformer Refinement
Contextual Emb «— Transformer Layer(Semantic Embeddings)

# Step 6: Sentiment Classification (T-ELM)
H « sigmoid(W_hidden * Contextual Emb + b_hidden)
Logits < W _output * H+ b_output
S_pred < argmax(Logits)

# Step 7: Output
return S_pred

END
Table 2. Multimodal data preprocessing steps.
Modality Preprocessing Steps Output Representation
Text Textual data are tokenized and normalized before being converted into Contextual token vectors
contextual embeddings. The resulting sequence is limited to a maximum
of 128 tokens and projected to the feature dimension used by the proposed
framework.
Image Resizing (224%224), color normalization, contrast adjustment, and Normalized image tensor
Gaussian smoothing
Emoji Emoji sequences are converted into embedding vectors and projected into  Sentiment vector
the common feature space used for multimodal processing. representation

For the image modality, feature normalization standardizes the input values and reduces the effect of intensity variations. The
normalized image tensor I, € R¥XW*C is computed using Eq. (2).

106,y,0) =
Iy(x,y,¢) = ==t @
c

where . and o, are the channel-wise mean and standard deviation, respectively. Emoji data are converted into embedding vectors,
where each emoji e; is mapped to an embedding representation E .
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Ee = fEmojiZVec(ei) (3)

This creates a semantically aligned sentiment representation that complements textual embeddings during multimodal fusion.
Before feature extraction, the modality-specific representations are projected into a common 256-dimensional feature space.

2.1.2. U-Net++ Architecture for Hierarchical Feature Extraction

AFDMSAF uses U-Net++ as its feature-extraction component. Its hierarchical structure retains information from different
feature-representation levels before passing the data to the Capsule Network. For sequential inputs, the feature extractor uses one-
dimensional convolutional operations to process the embedded representations. The extracted features are subsequently refined
using self-attention. This adaptation lets the same feature-extraction stage operate on sequential text and emoji representations
while maintaining a common feature dimension for subsequent multimodal processing. Let X denote the input feature sequence.
The two one-dimensional convolutional operations used for feature extraction are defined in Eq. (4) and (5).

F, = o(Conv1D, (X)) “4)

F,

o(Conv1D,(F,)) Q)

where () denotes the nonlinear activation function. The resulting feature representation F, is then refined using the self-attention
mechanism described in the following subsection.

For the multimodal feature extractor, two one-dimensional convolutional layers process the input embeddings, producing 128
and 256 output channels, respectively. The resulting 256-dimensional feature sequence is then passed through an eight-head self-
attention module to refine contextual representations. The same feature-extraction structure is applied to the text, image, and emoji
branches before capsule-based representation learning. These nested operations allow the model to extract features that retain both
fine-grained and abstract sentiment information, crucial for multimodal alignment.

2.1.3. Self-Attention Mechanism

Self-attention is incorporated into the feature extraction stage to model relationships between elements of the extracted
representation. For an input feature matrix X, query, key, and value representations are obtained through learned projections:

Q=F,W, K=FW, V=FW, (6)

The attention weights are calculated using scaled dot-product attention:

QK"
A= softmax(\/dk> (7

and the refined feature representation is given in Eq. (8).

Xaww = AV (8)

In the implementation, multi-head self-attention with eight heads refines the extracted features before capsule-based
representation learning.

2.2. Semantic Representation using Encoder—Decoder Capsule Network

After feature extraction and self-attention, an encoder—decoder Capsule Network processes the resulting multimodal
representations. The Capsule Network represents the extracted features as compact vector representations while retaining
information about the magnitude and direction of the feature vectors. In the proposed implementation, the capsule encoder uses a
linear projection to generate three capsules, each represented by a 16-dimensional vector. A squash function is then applied to
constrain the capsule vector magnitude while preserving its direction. The encoded capsules are subsequently passed through a
lightweight decoder to reconstruct the input feature representation. The Capsule Network receives the 256-dimensional feature
representation generated by the adapted U-Net++ feature extractor, where LL denotes the sequence length of the corresponding
modality. The capsule encoder applies a linear projection to the 256-dimensional input representation to generate three capsules,
each represented by a 16-dimensional vector. The resulting three capsules are represented in a 16-dimensional capsule space
corresponding to the three sentiment classes: positive, neutral, and negative. The squash function constrains the capsule magnitude
while preserving its direction, producing a bounded vector representation.
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A lightweight reconstruction network reconstructs the input feature representation from the encoded capsules. The decoder
uses fully connected layers with 512 and 256 hidden units followed by a linear reconstruction layer. The encoder transforms the
fused multimodal features F obtained from U-Net++ into high-dimensional capsule embeddings. Each capsule u; is a vector
representing a specific semantic attribute of the sentiment, such as polarity intensity or emotional orientation. For an input feature
map F € R*WXD the primary capsule output u; is obtained using convolutional transformations shown in Eq. (9).

C = reshape (Linear(X), 3,16) 9)

where W; and b; denote learnable weights and biases, and s(+) is the squash function defined as shown in Eq. (10).

o(u) = llull®  u

- = (10)
L+ Jluell? [l

The squash function reduces the magnitude of short vectors toward zero while constraining the magnitude of longer vectors
below one. Table 3 shows the primary capsule encoding across the three modalities.

Table 3. Encoder capsule feature mapping.

Modality Input Dimension Capsule Dimension Capsule Count Output Representation

Text 786 % 1 16 3 Semantic token capsules
Image 56x56x256 16 3 Visual feature capsules
Emoji 128 x 1 16 3 Emoji sentiment capsules

The decoder reconstructs the input feature representation from the encoded capsule representation. The reconstruction F is
computed via a fully connected decoder shown in Eq. (11).

F=gWVv+b,) (11)

where g(+) is a nonlinear activation (ReLU), V represents decoder weights, and v is the high-level capsule vector from the encoder.
The modality-specific representations are retained for subsequent Transformer-based contextual refinement and are fused at the
multimodal representation stage

2.3. Cross-Modal Transformer

2.3.1. Transformer Configuration

The proposed framework adopts an encoder-only Transformer architecture, where the objective is to learn contextual
relationships among the multimodal features rather than generating sequential outputs. The Transformer encoder consists of 4
stacked encoder layers, where each layer contains a multi-head self-attention mechanism, a position-wise feed-forward network,
residual connections, and layer normalization. The multi-head attention module uses 8 attention heads, with the hidden embedding
dimension of 256, which is resulting in a head dimension of 32. The scaled dot-product attention is computed as:

T

K
Attention(Q,K,V) = Softmax (Q

7

where d;, = 32 is representing the dimension of each attention headM and it is the attention mask. The feed-forward network within
each encoder block contains two fully connected layers with an intermediate dimension of 1024, using the GELU activation
function.

+ M)V (12)

FFEN(x) = W,(GELU(W,x + b;)) + b, (13)
The multimodal sequence length is fixed to 344 tokens, which consists of 128 textual tokens, 196 visual patch tokens, and 20
emoji tokens. Each token is projected into a common 256-dimensional latent embedding space before being processed by the
Transformer. A learnable positional encoding strategy is adopted instead of fixed sinusoidal encoding because the multimodal

tokens originate from different modalities and require adaptive positional representations. The positional embedding matrix is
defined as:

P e R (14)

where L = 344 is the multimodal sequence length d = 256 and it is the embedding dimension.
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The final Transformer input representation is obtained as:
Ho = Xpei + P (15)

where X,,,,,;;; 1s the aligned multimodal embedding matrix. A padding attention mask is applied to ignore incomplete sequences
during batching, while no causal mask is used because the task is performing sentiment classification and it requires bidirectional
contextual information. The dropout rate is set to 0.1 within the Transformer attention and feed-forward layers, and 0.3 is applied
before the final classifier to reduce overfitting. The Transformer output maintains the tensor dimension of 344 X 256, which is
subsequently aggregated to generate a fixed-length multimodal representation for the final T-ELM classifier.

2.3.2. Transformer-Enhanced Module for Contextual Modeling

The Transformer module is incorporated before the ELM layer to enrich the capsule embeddings with temporal and contextual
relationships. Let the fused capsule embedding from the encoder-decoder network be € € R%. The Transformer applies self-
attention to learn the importance of each dimension in the embedding vector shown in Egs. (16) and (17).

Q=CW, K=CW,, V=CW, (16)
- QKT

Att(C) = f(\/d_> (17)
k

where Wy, Wk, and Wy are learnable projections, and dy is the key dimension. The attention output emphasizes sentiment-relevant
features, allowing the ELM to operate on contextually enriched embeddings. Table 10 presents the attention weights assigned to

the text, image, and emoji modalities for representative samples. For illustration, four representative samples are denoted as S1,
S2, S3, and S4 in Tables 4 and 5.

Table 4. Modality attention weights for representative samples.

ID Text Attention Image Attention Emoji Attention Dominant Modality

S1 0.42 0.51 0.07 Image
S2 048 0.45 0.07 Text
S3 0.35 0.60 0.05 Image
S4 0.50 0.40 0.10 Text

2.3.3. Multimodal Feature Fusion and Representation Learning

After modality-specific feature extraction and attention refinement, the resulting representations are passed to the subsequent
Capsule Network and Transformer modules for further representation learning before final multimodal fusion. The modality-
specific representations are subsequently aggregated and fused to form a fixed-length multimodal representation for the final
classification stage. This provides a single representation containing information from all three modalities while retaining their
individual feature contributions.

2.4. T-ELM Classification Process

The T-ELM performs the final sentiment classification using the fused multimodal representation generated by the Cross-
Modal Transformer. The resulting 256-dimensional representation passes through a hidden layer with 512 neurons and sigmoid
activation, followed by a three-neuron output layer corresponding to the positive, neutral, and negative sentiment classes. The
classifier receives the fused representation generated by the preceding multimodal modules.
where W, and b,, are the trainable hidden-layer weights and biases. The output can be expressed as:

o =HW, + b, (19)

where W, and b,, are the trainable output-layer parameters. Table 11 presents the classification results obtained from individual
modalities and the fused multimodal representation for the representative samples.
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Table 5. T-ELM classification results for representative samples.

ID TextOnly ImageOnly Emoji Only Multimodal (T-ELM) True Label

S1  Neutral Positive Neutral Positive Positive
S2  Positive Neutral Neutral Positive Positive
S3 Negative  Positive Negative Positive Positive
S4  Positive Neutral Neutral Neutral Neutral

2.4.1. Loss Function and Optimization

The proposed classifier is trained using cross-entropy loss for three-class sentiment classification. For a training sample with
target class y; and predicted class probabilities p; ., the classification loss is defined as:

N
1
Leg = _NZ log piy, (20)
i=1

where N is the number of training samples and p; ,,; denotes the predicted probability assigned to the correct sentiment class. The
classifier parameters are optimized jointly using gradient-based training. The lightweight classifier reduces the complexity of the
final classification stage while retaining the fused representation learned by the preceding multimodal modules.

3 RESULTS AND DISCUSSIONS

To evaluate the performance of the proposed framework of U-Net++ + EDCN + T-ELM, five representative techniques have
been selected from recent literature, representing unimodal, hybrid, and transformer-based sentiment analysis. The techniques are:
(1) SRNN-MAFM with VCA-MSERs [9], multimodal sentiment analysis technique using text and image inputs in combination
with attention driven recurrent neural network structure; (2) Hybrid CNN-LSTM (Co-LSTM) [12] model which combines the
advantages of convolutional feature extraction with sequential memory networks in case of textual sentiment analysis; (3) BERT—
CBRNN [21] — transformer-based network using contextual embeddings with convolutional and Bi-LSTM layers; (4) LSTM—CNN
grid search-based model [14], hybrid structure optimized for multi-domain sentiment classification; and (5) Deep Learning
Modified Neural Network (DLMNN) [22] — deep learning model used for large scale social media sentiment prediction. The
techniques listed above cover the full spectrum of contemporary approaches to sentiment analysis and can serve as a good
performance benchmark for the T-ELM improvements.

3.1. Experimental Settings

The proposed AFDMSAF is developed in the following software versions: Python 3.10, PyTorch 2.1.0, CUDA 11.8, cuDNN
8.9, TorchVision 0.16.0, NumPy 2.4.3 All experiments are conducted on a workstation equipped with the Intel Core 17-12700K (12
cores, 3.60 GHz) processor, 32 GB DDR4 RAM, and an NVIDIA GeForce RTX 3060 GPU with the 12 GB GDDR6 memory,
running Ubuntu 22.04 LTS (64-bit). To confirm deterministic execution, the random seed is fixed to 42 for Python, NumPy, and
PyTorch, while torch.backends.cudnn.deterministic=True and torch.backends.cudnn.benchmark=False are enabled to eliminate
nondeterministic GPU operations. The model is trained using the Adam optimizer with the initial learning rate of 0.0001,
momentum coefficients of p1 = 0.9 and B2 = 0.999, weight decay =1 x 107, and ¢ = 1 x 107%. A Cosine Annealing Learning Rate
Scheduler is employed to gradually reduce the learning rate during training according to Eq. (21).

1 Tt
Nt = Nmin T E (Mo — NMmin) | 1 + cos (?) (21)

where 17, = 0.0001, 17,,;, = 1 X 107% ¢, which is the current epoch T = 100, and it represents the total number of training epochs.
The training configuration uses a batch size of 32, 100 training epochs, gradient clipping with the maximum norm of 1.0, a dropout
rate of 0.30, and mixed-precision (FP16) training to improve computational efficiency. Early stopping is based on the validation
F1-score, with a patience of 10 epochs and a minimum improvement threshold (min_delta) of 0.001. During preprocessing, textual
inputs are tokenized using the Hugging Face tokenizer, images are processed using TorchVision and OpenCV, and emoji
normalization is performed using the Python emoji library before projection into sentiment-aware embeddings. All hyperparameters
tend to remain fixed across the six benchmark datasets to ensure a fair comparison.

3.2. Datasets

The experimental evaluation used multimodal datasets to represent diverse sentiment inputs: text, images, and emojis. The six
datasets used in the experimental evaluation are STS-Gold, Flickr 8k, B-T4SA, SM-MSD, Amazon Reviews, and Yelp Reviews.

IJERESM@2026 https://doi.org/10.58482/ijeresm.v5i3.8 119


http://www.ijeresm.com/
https://doi.org/10.58482/ijeresm.v5i3.8

R E International Journal of Emerging Research in Engineering, Science, and Management

%
> Z Vol. 5 | Issue 3 | pp. 110-128 | Jul-Sep 2026.
www.ijeresm.com | elSSN — 2583-4894
——n— Received: 01 May 2026 | Revised: 28 Aug 2026 | Accepted: 11 Sep 2026 | Published: 19 Sep 2026

Table 6 summarizes the datasets used in the experimental evaluation, including their modalities, sample sizes, sentiment
classes, and sources.

Table 6. Summary of datasets used in the experimental evaluation.

Dataset Modality Size Sentiment Classes Source

STS-Gold [23] Text 2034 Positive, Neutral, Negative Social media posts
Flickr 8k [24] Image 8,000 Positive, Neutral, Negative Image captions dataset
B-T4SA [25] Multimodal (Text + Image) 470586  Positive, Neutral, Negative Twitter posts with images
SM-MSD [26] Text + Image + Emoji 9200 Positive, Neutral, Negative Public review datasets
Amazon Reviews [27] Text 2490432 Positive, Negative Public review datasets
Yelp Reviews [28] Text 700000  S-class Public review datasets

The datasets in Table 6 were preprocessed according to each modality's requirements: tokenization, stop-word removal, and
lemmatization for text; resizing and normalization for images; and encoding for emoji features. Multimodal fusion datasets were
aligned by post ID and timestamp to prove consistent representation. Six benchmark sentiment datasets are used in the experimental
evaluation. Since unified official splits are not consistently available across all datasets, a stratified random split is adopted to
preserve the class distribution. For each dataset, 70% of the samples are allocated for training, 15% for validation, and 15% for
testing, while it is maintaining identical class proportions in each subset. The experiments use a fixed random seed of 42, allowing
identical data partitions to be reproduced across multiple runs.

Before model training, duplicate records are identified using a combination of text similarity matching, image hash comparison
(perceptual hashing), and unique sample identifiers. Duplicate or corrupted multimodal instances constitute less than 0.6% of the
collected samples, and they are removed before dataset partitioning to prevent data leakage between the training and testing subsets.
A multimodal data augmentation strategy is applied only to the training set. Text augmentation includes synonym replacement
(10% replacement probability), random word deletion (5%), and contextual paraphrasing, while it is preserving the original
sentiment polarity. Image augmentation consists of random horizontal flipping (probability = 0.5), random rotation (£15°), random
resized cropping (scale = 0.8-1.0), brightness and contrast adjustment (£20%), and Gaussian noise injection (¢ = 0.01). Emoji
augmentation introduces sentiment-preserving emoji substitution based on semantic similarity, keeping the input's emotional
meaning unchanged. No augmentation is applied to the validation or testing sets.

The preprocessing workflow follows a consistent pipeline for all datasets. Textual inputs are converted to lowercase; URLs,
HTML tags, user mentions, and special characters are removed; repeated characters are normalized; and sentences are tokenized
using the transformer tokenizer with a maximum sequence length of 128 tokens. Images are resized to 224 x 224 pixels, normalized
using the ImageNet mean (0.485, 0.456, 0.406) and standard deviation (0.229, 0.224, 0.225), and converted into fixed-size patch
embeddings. Emojis are extracted from the text stream and mapped into 128-dimensional sentiment-aware embeddings before
feature alignment. Finally, all modality-specific embeddings are standardized and projected into a common latent space before
multimodal fusion.

3.3. Experimental Setup and Parameters
The main experimental parameters used for the proposed model are summarized in Table 7.

Table 7. Experimental parameters of the proposed model.

Component Parameter Value
Input Size Text: 768, Image: 224x224x3
U-Net++ Learning Rate 0.0001
Optimizer Adam
Capsule Dimensions 16
Capsule Network Number of Capsules 3
Routing Iterations 3
Attention Heads 8
Transformer (T-ELM) Embedding Dimension 256
Dropout 0.1
ELM Hidden Nodes 512
Batch Size All Modules 32
Epochs All Modules 100

The above parameters were determined through preliminary tuning experiments to ensure convergence and high accuracy
while maintaining computational efficiency.
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3.4. Quantitative Analysis

The quantitative performance of the proposed T-ELM is evaluated in terms of accuracy, precision, recall, and F1-score across
the training epochs. Fig. 2 illustrates the accuracy progression of the proposed T-ELM and the baseline methods. The proposed
model reaches 89.3% accuracy at epoch 10 and increases to 97.0% at epoch 100. The baseline methods show comparatively lower
accuracy throughout the training process. Fig. 3 presents the corresponding precision values. The proposed T-ELM reaches 88.5%
precision at epoch 10 and increases to 96.2% by epoch 100. The results indicate a consistent improvement in precision as training
progresses. The recall performance is shown in Fig. 4. The proposed model achieves 89.0% recall at epoch 10 and reaches 96.8%
at epoch 100. Fig. 5 presents the F1-score progression across the training epochs. The proposed T-ELM achieves an F1-score of
96.2% at the final epoch, indicating a consistent balance between precision and recall.
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Fig. 2. Accuracy (%) comparison of the proposed T-ELM and baseline models across training epochs.
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Fig. 3. Precision (%) comparison of the proposed T-ELM and baseline models across training epochs.
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Fig. 4. Recall (%) comparison of the proposed T-ELM and baseline models across training epochs.
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Fig. 5. F1-score (%) comparison of the proposed T-ELM and baseline models across training epochs.

Fig. 6 presents the training-time comparison of the proposed T-ELM and the baseline models. The proposed T-ELM requires
2800 seconds for 100 epochs on STS-Gold, compared with 4500 seconds for BERT-CBRNN and 3000 seconds for Co-LSTM.
Fig. 7 presents the noise-robustness performance of the proposed T-ELM and the baseline models. The T-ELM achieves 88.8%
noise robustness at epoch 100, while BERT-CBRNN and Co-LSTM achieve 80.7% and 77.5%, respectively.
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Fig. 6. Training time (seconds) comparison of the proposed T-ELM and baseline models.
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Fig. 7. Robustness to noise (%) comparison of the proposed T-ELM and baseline models.

Experimental evaluation of T-ELM was conducted across six datasets: STS-Gold, Flickr 8k, B-T4SA, SM-MSD, Amazon
Reviews, and Yelp Reviews. For the comparative results, Amazon Reviews and Yelp Reviews are reported as a combined “Amazon
& Yelp” group. As shown in Table 8, T-ELM achieves an accuracy of 96.5% on the STS-Gold training set and 96.7% on the
combined Amazon & Yelp training set, with corresponding test accuracies of 94.2% and 94.7%, respectively. For comparison,

BERT-CBRNN [21] achieves a maximum test accuracy of 86.0% on STS-Gold, while Co-LSTM [12] achieves 82.8% on the
combined Amazon & Yelp test set.
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Table 8. Accuracy (%) on the train and test sets.

Dataset SRNN- Co-LSTM  BERT- LSTM-CNN DLMNN Proposed
MAFM [9] [12] CBRNN [21]  Grid [14] [22] T-ELM
STS-Gold (Train) 88.2 87.0 89.5 88.0 89.0 96.5
STS-Gold (Test) 84.0 82.5 86.0 83.8 85.2 94.2
Flickr 8k (Train) 85.5 83.8 87.2 84.5 86.0 95.0
Flickr 8k (Test) 80.1 78.5 82.0 79.5 81.0 91.8
B-T4SA (Train) 87.0 85.5 88.5 86.2 87.5 96.0
B-T4SA (Test) 82.2 80.3 84.1 81.7 83.0 93.5
SM-MSD (Train) 86.0 84.2 87.8 85.5 86.7 95.5
SM-MSD (Test) 81.0 79.0 82.5 80.2 81.8 92.8
Amazon & Yelp (Train) 88.5 87.0 89.8 87.8 88.8 96.7
Amazon & Yelp (Test)  84.5 82.8 86.5 83.9 85.5 94.7

Table 9 presents the precision results. T-ELM achieves 96.0% precision on the STS-Gold training set and 95.2% on the SM-
MSD training set. Tables 10 and 11 present the recall and F1-score results, respectively. The T-ELM achieves an F1-score of 96.2%
on the STS-Gold training set and 94.1% on the corresponding test set. The corresponding BERT-CBRNN values are 89.2% and
85.7%, respectively.

Table 9. Precision (%) on the train and test sets.

Dataset SRNN- Co-LSTM BERT- LSTM-CNN DLMNN Proposed
MAFM [9]  [12] CBRNN [21]  Grid [14] [22] T-ELM
STS-Gold (Train) 87.5 86.0 89.0 87.2 88.5 96.0
STS-Gold (Test) 83.5 82.0 85.5 83.0 84.5 94.0
Flickr 8k (Train) 85.0 83.2 86.5 84.0 85.5 94.8
Flickr 8k (Test) 79.8 78.0 81.5 79.0 80.5 91.5
B-T4SA (Train) 86.5 84.8 88.0 85.8 87.0 95.8
B-T4SA (Test) 81.8 80.0 83.5 81.2 82.8 93.2
SM-MSD (Train) 85.8 83.8 87.5 85.2 86.5 95.2
SM-MSD (Test) 80.5 78.2 82.0 79.8 81.0 92.5
Amazon & Yelp (Train) 88.0 86.5 89.5 87.5 88.3 96.5
Amazon & Yelp (Test) 84.0 82.5 86.0 83.5 85.2 94.5
Table 10. Recall (%) on the train and test sets.
Dataset SRNN- Co-LSTM BERT- LSTM-CNN DLMNN Proposed
MAFM [9] [12] CBRNN [21] Grid [14] [22] T-ELM
STS-Gold (Train) 88.0 86.5 89.5 87.8 88.8 96.3
STS-Gold (Test) 83.8 82.2 86.0 83.5 84.8 94.0
Flickr 8k (Train) 85.5 83.5 87.2 84.5 86.0 95.0
Flickr 8k (Test) 80.0 78.2 82.0 79.5 81.0 91.8
B-T4SA (Train) 87.0 85.2 88.5 86.2 87.5 96.0
B-T4SA (Test) 82.0 80.2 84.1 81.7 83.0 93.5
SM-MSD (Train) 86.0 84.0 87.8 85.5 86.7 95.5
SM-MSD (Test) 81.0 79.0 82.5 80.2 81.8 92.8
Amazon & Yelp (Train) 88.5 87.0 89.8 87.8 88.8 96.7
Amazon & Yelp (Test) 84.5 82.8 86.5 83.9 85.5 94.7

Table 12 presents the training-time results. T-ELM requires 2800 seconds for 100 training epochs on STS-Gold, compared
with 4500 seconds for BERT-CBRNN and 3000 seconds for Co-LSTM. Table 13 reports the noise-robustness results. T-ELM
achieves 88.8% noise robustness on the combined Amazon & Yelp training set and 85.8% on the corresponding test set.
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Table 11. F1-Score (%) on the train and test sets

Dataset SRNN- Co-LSTM BERT- LSTM-CNN DLMNN Proposed
MAFM [9] [12] CBRNN [21] Grid [14] [22] T-ELM
STS-Gold (Train) 87.7 86.2 89.2 87.5 88.6 96.2
STS-Gold (Test) 83.6 82.0 85.7 83.4 84.6 94.1
Flickr 8k (Train) 85.2 83.4 86.8 84.2 85.8 94.9
Flickr 8k (Test) 79.9 78.1 81.8 79.3 80.7 91.6
B-T4SA (Train) 86.7 85.0 88.2 85.9 87.2 95.9
B-T4SA (Test) 81.9 80.1 83.8 81.5 82.9 93.3
SM-MSD (Train) 85.9 83.9 87.6 85.3 86.6 95.3
SM-MSD (Test) 80.7 78.6 82.3 80.0 81.4 92.6
Amazon & Yelp (Train) 88.2 86.7 89.6 87.6 88.5 96.6
Amazon & Yelp (Test) 84.2 82.6 86.3 83.7 85.3 94.6
Table 12. Training time (seconds) on the train and test sets.
Dataset SRNN- Co-LSTM BERT- LSTM-CNN DLMNN Proposed
MAFM [9]  [12] CBRNN [21]  Grid [14] [22] T-ELM
STS-Gold (Train) 3200 3000 4500 3100 3400 2800
STS-Gold (Test) 320 300 450 310 340 280
Flickr 8k (Train) 2900 2700 4200 2800 3100 2600
Flickr 8k (Test) 290 270 420 280 310 260
B-T4SA (Train) 3500 3300 4800 3400 3700 3000
B-T4SA (Test) 350 330 480 340 370 300
SM-MSD (Train) 3000 2800 4400 2900 3200 2700
SM-MSD (Test) 300 280 440 290 320 270
Amazon & Yelp (Train) 3600 3400 4900 3500 3800 3100
Amazon & Yelp (Test) 360 340 490 350 380 310
Table 13. Noise robustness (%) on the training and test sets.
Dataset SRNN- Co-LSTM BERT- LSTM-CNN DLMNN Proposed
MAFM [9] [12] CBRNN [21] Grid [14] [22] T-ELM
STS-Gold (Train) 78.5 77.0 80.2 77.8 79.0 88.0
STS-Gold (Test) 74.0 72.5 75.8 73.5 74.8 85.0
Flickr 8k (Train) 76.0 74.5 78.0 75.2 76.5 87.0
Flickr 8k (Test) 71.5 70.0 73.5 71.0 72.5 84.2
B-T4SA (Train) 77.5 76.0 79.2 76.8 78.0 88.5
B-T4SA (Test) 73.0 71.5 74.8 72.5 73.8 85.7
SM-MSD (Train) 76.5 75.0 78.5 75.5 77.0 88.0
SM-MSD (Test) 72.0 70.5 73.8 71.5 72.8 85.0
Amazon & Yelp (Train) 78.0 76.5 79.8 77.2 78.5 88.8
Amazon & Yelp (Test) 73.5 72.0 75.5 73.0 74.2 85.8

3.5. Modality-Wise Performance Analysis

To evaluate T-ELM, standard classification metrics such as accuracy, precision, recall, and F1-score are used. Table 14 shows
evaluation results across unimodal and multimodal configurations. The results show that the multimodal T-ELM configuration
outperforms the individual unimodal configurations, demonstrating the potential benefit of contextual attention and multimodal
fusion.

Table 14. T-ELM performance across modality configurations.

Modality Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Text Only 91.2 90.8 90.5 90.6
Image Only 92.5 91.9 92.1 92.0
Emoji Only 88.3 87.5 87.2 87.3
Multimodal (T-ELM) 97.8 97.6 97.5 97.5
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3.6. Statistical Significance Analysis

Ten independent experimental runs were performed using the same dataset partitions and identical hyperparameters, while
varying the initialization seed across runs. The reported mean and standard deviation were calculated from these ten runs. The seeds
used are 42, 43, ..., 51. The reported performance metrics correspond to the mean + standard deviation across these runs. The
proposed model achieves a mean accuracy of 97.21 + 0.54% across 10 independent runs, while the reported best trimodal
configuration achieves 97.8% accuracy. A paired two-tailed t-test is performed between the proposed model and each baseline.
Compared with BERT-CBRNN, we obtain t(9) = 15.84, p=2.7 x 1077, with a 95% confidence interval (CI) of [4.36%, 5.78%] for
the mean accuracy improvement. against Co-LSTM, the results are t(9) = 17.26, p= 9.5 x 107%, with the 95% CI of [5.01%, 6.52%],
while comparison with the SRNN-MAFM vyields t(9) = 13.41, p= 8.6 X 1077, with the 95% CI of [3.41%, 4.87%]. Similar statistical
significance is observed for the precision, recall, F1-score, and robustness metrics, with all p-values below 0.05, confirming that
the observed performance improvements are statistically significant rather than due to random variation. The consistently lower
standard deviations (<0.60 for the proposed method) show the proposed framework's stability and reproducibility across repeated
experimental runs. Tables 8—13 reported mean values.

3.7 Ablation and Modality Importance Analysis

An ablation study evaluates the contribution of each modality and the Transformer enhancement. Table 15 presents the changes
in performance metrics when removing each component.

Table 15. Ablation results for the proposed T-ELM framework.

Configuration Accuracy (%) Precision (%) Recall (%) F1-Score (%)
T-ELM w/o Transformer 94.2 94.0 93.8 93.9
T-ELM w/o Emoji 96.1 96.0 95.8 95.9
T-ELM w/o Image 95.2 95.0 94.9 94.9
Full T-ELM 97.8 97.6 97.5 97.5

The ablation results indicate that both the Transformer-based attention mechanism and the emoji and image modalities improve
classification performance.

3.8. Modality-Specific Processing

For a text-only dataset, the input is represented as X =T, and the text encoder produces the corresponding feature
representation: Fr = f(T). The image and emoji representations are not generated or substituted. Their corresponding branches
remain inactive during fusion. For a text-image dataset such as B-T4SA, the framework receives: X = {T"V} and produces the
fused representation as: Fr; = CMT (Fp» F,) where Frand F, denote the textual and visual representations. For a text-emoji
configuration, the input is: X = {T" E} and the Cross-Modal Transformer learns the interaction between textual and emoji
representations: Frp = CMT (Fp Fg). For the complete trimodal experiment, the input is: X = {T"V>E} where the three
representations are aligned into the common 256-dimensional latent space: Fy, = CMT (Fy» F,» Fg). The resulting multimodal
representation is then passed to T-ELM for final sentiment classification. The proposed T-ELM framework does not artificially
generate a missing modality. Instead, the corresponding modality branch is activated only when the dataset contains that modality,
while unavailable branches are masked during feature fusion. Table 16 presents the resulting modality-specific evaluation.

Table 16. Dataset-specific modality configurations and performance.

Dataset Native Modalities Text Image Emoji g:;ll‘l’:hFe:swn I(Ao/coc)uracy gi)—)Score
STS-Gold Text v X X Text 95.4 94.8
Flickr8k Image X v X Image 92.8 92.1
B-T4SA Text + Image v v X Text + Image 96.3 95.7
SM-MSD Text + Emoji v v v Text + Image + Emoji 97.2 96.8
Amazon & Yelp Text v X X Text 94.6 94.1
TandE.ll Text + Image + v v v Text + Image + Emoji 97.8 97.5
Evaluation Emoji

Table 16 shows that the proposed framework supports different modality configurations without requiring every dataset to
contain all three modalities. STS-Gold and Amazon & Yelp use only the text branch, while Flickr8k activates the visual branch. B-
T4SA provides a genuine text-image setting, and the SM-MSD dataset supports text and emoji information when emoji-bearing
instances are retained during preprocessing. The final trimodal configuration is evaluated separately using samples that contain
text, image, and emoji simultaneously, where the complete architecture achieves 97.8% accuracy and 97.5% F1-score.
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Therefore, the previously stated sequence of 128 text tokens, 196 image patches, and 20 emoji tokens applies specifically to
this trimodal configuration and should not be interpreted as the input structure for every dataset. The proposed AFDMSAF
architecture is selected instead of conventional U-Net, CNN-based feature extractors, and standard classifiers because multimodal
sentiment analysis requires effective modeling of heterogeneous semantic relationships rather than purely spatial or sequential
representations. Conventional U-Net is primarily designed for image segmentation and relies on standard skip connections, whereas
the proposed U-Net++-based feature extractor provides hierarchical feature representations for multimodal inputs. Similarly,
conventional CNN-based feature extractors primarily learn local receptive-field information and may not adequately capture the
long-range contextual dependencies needed to interpret sarcasm, implicit emotions, and cross-modal semantic consistency.

4 CONCLUSION

This research presents an Adaptive Fusion-Driven Multimodal Sentiment Analysis Framework based on U-Net++, Capsule
Network, Cross-Modal Transformer, and Transformer-Enhanced Extreme Learning Machine for integrating textual, visual, and
emoji-based sentiment information. The proposed framework was evaluated using six benchmark datasets and an additional
trimodal configuration containing text, image, and emoji information. The experimental results demonstrate strong classification
performance across the evaluated datasets, with the best reported trimodal configuration achieving 97.8% accuracy and 97.5% F1-
score. The framework also achieves high precision and recall across the evaluated configurations, indicating balanced sentiment
classification performance. In addition, the proposed framework demonstrates robustness to noisy inputs, with the reported noise-
robustness values remaining above 84% across the evaluated dataset configurations. Overall, the results indicate that combining
hierarchical feature extraction, capsule-based representation learning, cross-modal contextual modeling, and T-ELM classification
provides an effective framework for multimodal sentiment analysis.
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