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Abstract

Emotions play an important role in human life. A person’s emotional
state can be identified through emotional expression, whether they are sad,
happy, or angry. Emotions can be expressed in various ways, including
text, facial expressions, and audio signals. Additionally, emotion recog-
nition plays a crucial role in affective computing and human-computer
interaction, addressing the complex challenges of interpreting human emo-
tions across diverse data sources. Although significant research has been
conducted in emotion recognition, existing studies have focused on video-
based or speech-based multimodal systems, with limited attention given
to the efficient integration of textual and image data. Furthermore, most
prior studies lack systematic unimodal-multimodal comparison and do
not address model interpretability in the image-text emotion recognition
framework. To address this gap, we propose ITMER (Image—Text Multi-
modal Emotion Recognition), a unified framework that integrates textual
and visual modalities for emotion classification. The framework is evalu-
ated under three settings: unimodal text-based emotion recognition using
pre-trained transformer encoder models, unimodal image-based emotion
recognition using deep convolutional neural network models, and mul-
timodal emotion recognition through image—text fusion. The proposed
study offers insight into the contribution of each modality and the effi-
cacy of multimodal approaches by systematically comparing these config-
urations. Experimental results demonstrate that multimodal image—text
learning consistently outperforms unimodal baselines, achieving up to 92%
accuracy and a macro Fl-score of 92%, compared to 83.81% for the best
image-only and 71% for the best text-only model, highlighting the ben-
efit of integrating complementary visual and linguistic information. To
further improve transparency, explainable Al techniques, including Grad-
CAM for visual models and LIME for text models, are applied post-hoc
to provide qualitative insight into model decisions, validating that pre-
dictions are grounded in meaningful emotional cues rather than spurious
patterns.

Keywords: Multimodal emotion recognition; ITMER framework; Bidirectional
Encoder Representations from Transformers (BERT); Explainable AI; Image—
text emotion analysis



1 Introduction

Emotions are complex, psychological, and physiological states that reflect hu-
mans’ state of mind, and they can be influenced by various factors, such as
Behavior and personality (Matsumoto and Hwang} |2016). Similarly, emotions
are a fundamental part of human life, influencing life choices as well as psycho-
logical and physical health.(Kement et al., 2024 (Fei et al.| |2020). Accordingly,
emotion recognition has emerged as a multidisciplinary field that integrates psy-
chology, computer science, and artificial intelligence. Moreover, humans express
emotions through various channels: auditory, visual, and textual. Accurately
interpreting these expressions is important for advancing human-computer in-
teraction, mental health diagnosis, and security systems. From another per-
spective, emotions are essential regulators of human experience and behavior,
influencing factors such as decision-making, Communication, and overall well-
being, covering states like sadness, happiness, and anger (Feidakis et al., [2011]).

The goal of affective computing focuses on training machines to recognize
and respond to human emotions, thereby supporting more natural and effective
human technology interactions.(Spezialetti et al., |2020). Emotion expression is
a complex process, and it highlights the importance of multifaceted emotion
recognition. Emotions are multidimensional and are usually expressed through
different channels such as the voice tone, facial expression, and choice of words.
Such intermodal emotional expression poses serious challenges to the compu-
tational recognition systems, which need to be integrated to examine and in-
terpret complex emotional states from diverse data sources (Trinh and Daol
2022). Consequently, over the last few years, multimodal emotion recognition
(MER) has gained increased attention as it aims to overcome the limitations of
single-channel approaches and use several sources of datasets.

The literature has demonstrated that utilizing multiple modalities (facial ex-
pressions, speech, and physiological cues significantly enhances emotion recog-
nition performance. (Zhang et al.l |2023)). Recent advances in multimodal large
language models (MLLMs) have further enabled emotion understanding to move
beyond traditional discriminative approaches towards a more generative frame-
work (Liang et al) [2024). However, existing MER systems still face notable
limitations in fine-grained emotion understanding, particularly when applied to
diverse, real-world data |Lian et al| (2024). Likewise, studies on multimodal
emotion recognition have focused on complex, video-centric systems that utilize
time-series features extracted from multiple modalities, such as video and audio
transcripts. For instance, (Lian et al.| [2025) proposes AffectGPT, which fo-
cuses on complex emotion understanding with MLLMs applied to videos; while
(Wang et al.l 2022) focuses on specialized approaches integrating physiological
data such as EEG alongside speech signals.

Similarly, (Kumar et al.l |2025) combines video media with text, using com-
plex ensembles (e.g., EfficientNetV2-S and GPT-2 LoRA) primarily designed
for achieving high-accuracy classification in dynamic environments. However,
these approaches involve high computational complexity and are not designed
for the efficient integration of static image and textual data, which are the



dominant modalities in social media contexts. In particular, there is limited
work that systematically combines transformer-based text encoders with deep
visual models in a dual-encoder framework specifically designed for social media
emotion recognition. To address this gap, this work investigates emotion recog-
nition using both unimodal and multimodal approaches based on images and
textual data. Large language models are applied independently to textual and
visual modalities to establish strong unimodal baselines. A multimodal fusion
framework is then constructed to integrate complementary emotional cues from
both modalities. Through systematic comparison of unimodal and multimodal
configurations, this study provides insights into the individual contribution of
each modality and the effectiveness of multimodal fusion for social media—based
emotion recognition.

The emphasis on combining effectiveness, explainability, and responsibility,
and the focus on balancing efficacy and interpretability promotes the ethical
application of Al. Understanding emotional context is essential in delicate fields
like customer service and mental health monitoring, where the suggested frame-
work is well-positioned for significant applications, and understanding emotional
context is crucial. To enhance this work further, we consider describing how XAI
approaches are integrated into an image—text emotion recognition framework to
offer comprehensible insights on model forecasts in order to further improve
this work. Moreover, deep learning approaches are currently constrained by the
”black-box” problem of deep learning models. These models involve complex
layers that operate as decision makers but are not visible to the onlookers, and
operate in the background, making transparency a little difficult (Sahin et al.|
2025)).

Thus, the lack of transparency makes it difficult to understand why certain
emotions are predicted based on visual or textual inputs, particularly in multi-
modal contexts, due to the interaction of multiple sources of information. High
recognition accuracy alone is consequently not sufficient, as interpreting model
behavior is essential for validating reliability and ensuring meaningful emotion
analysis (Doshi-Velez and Kim| 2017)). For example, vision-based models may
depend on irrelevant background patterns instead of meaningful object features,
leading to unreliable predictions (Lapuschkin et al.,[2019). The present systems
of multimodal emotion detection face challenges, primarily in achieving accu-
racy and explainability. Although the results of both unimodal and multimodal
approaches on text, speech, and facial expressions have shown significant re-
sults individually, highlighting that it remains incapable of creating effective
data fusion across these three modalities. The predictive reason behind spe-
cific emotions becomes difficult to comprehend because these decision-making
systems lack transparency. Further, this fusion challenge is due to both modal-
ities possessing different feature representations, temporal dynamics, and noise
characteristics, which makes it difficult to extract complementary information
(Geirhos et al.l [2020).

To address these challenges, several studies use Explainable Artificial In-
telligence (XAI) methods aiming to resolve the interpretability gap between
complex Al models and human understanding. Explaining individual emotion



detection model predictions involves using LIME (Local Interpretable Model-
Agnostic Explanations), SHAP (Shapley Additive exPlanations), and Grad-
CAM (Gradient-weighted Class Activation Mapping). These XAI methods offer
human-understandable explanations for model predictions. With these expla-
nations, users gain important insights into the features influencing the model’s
decisions, increasing their trust in the models and helping to improve them.
Some research studies have effectively combined these techniques to address the
accuracy and interpretability challenges in emotion detection models|Norval and
Wang (2025), |[Lorch et al.| (2025)).

The study applies multimodal fusion, which further strengthens the interpre-
tation outputs from text and image modalities to create a unified framework. By
using weighted averaging along with concatenation methods or attention-based
fusion to develop a powerful and complete emotion detection platform. By in-
tegrating multiple modalities, the system overall overcomes the limitations of
unimodal approaches and effectively enhances emotion detection performance.
To enhance this work further, we applied XAI methods post-hoc to offer qual-
itative insight into model decisions in both modalities. Image-based models
(Grad-CAM) were used to localize emotion-related face regions |Selvaraju et al.
(2017, and text-based models (LIME) Ribeiro et al.| (2016)) were employed to
identify the most significant tokens contributing to emotion prediction. This
integration helps models rely on interpretable, meaningful patterns by promot-
ing accuracy and consistency in model decisions aligned with human reasoning,
thereby minimizing bias and increasing reliability in practical applications.

To systematically evaluate the effectiveness of multimodal emotion recogni-
tion, four experimental settings were designed. First, multimodal models were
evaluated on text and image data to assess the accuracy of multimodal fu-
sion for emotion classification. Second, unimodal experiments were conducted
separately on text-only and image-only data to compare performance across
modalities and analyze the individual contribution of each modality. Third, a
systematic comparison was also performed between unimodal and multimodal
approaches to determine which approach achieves high accuracy, demonstrating
the effectiveness of multimodal integration over unimodal and single-modality
approaches. Further, the XAI techniques were applied to the best-performing
models from each setting, Grad-CAM for image-based models and LIME for
text-based models, to generate interpretable explanations for emotion predic-
tions. Fourth, the XAI outputs were manually reviewed and validated by a
professional psychologist to confirm whether the highlighted visual and linguis-
tic cues were grounded in meaningful emotional patterns rather than spurious
artifacts. The main contributions of our work are as follows.

e Unified Multimodal Framework We propose ITMER, a multimodal
emotion recognition framework that integrates image and text modali-
ties to examine complementary visual and linguistic emotional cues for
improved emotion classification.

e Systematic Unimodal-Multimodal Comparison: The framework
conducts explicit experiments across text-only, image-only, and multi-



modal configurations, providing a direct analysis of each modality’s in-
dividual contribution and the benefit of multimodal fusion, an evaluation
rarely performed in prior work.

e X Al-based Interpretability: The framework incorporates explainable
Al techniques, including Grad-CAM for image models and attention-based
analysis for text models, to provide insight into model predictions and
improve the interpretability of emotion recognition results.

e Improved Performance over Unimodal Models: Experimental re-
sults show that the proposed multimodal approach achieves high accuracy
performance over unimodal baselines, achieving up to 92% accuracy and
92% macro Fl-score, compared to 83.81% for image-only and 71% for
text-only models, confirming the benefit of integrating multimodal fusion.

The rest of the paper is organized as follows: Section 2 presents the related
work on emotion recognition, focusing on unimodal and multimodal approaches.
Similarly, Section 3 presents our proposed pipeline for emotion recognition from
text and images utilizing encoder-only, decoder-only, and encoder-decoder-only
models. Moreover, Section 4 reports experimental and evaluation results for
emotion recognition fine-tuning models on only text, only images, and combining
both modalities. Similarly, explainability is calculated to identify the reason
behind the emotion recognition made for each model. In Section 5, we have a
comprehensive discussion about the proposed study, the limitations, and future
work, and finally, Section 6 concludes the study.

2 Related Work

This section reviews prior research on emotion recognition utilizing deep learn-
ing algorithms and techniques across different benchmarks, i.e., textual, audio,
image, and motion datasets. Emotion recognition (ER) is a critical research
area within affective computing that has seen significant advancements in recent
years, particularly in multimodal learning, deep learning, and human—computer
interaction. The primary goal of ER is to accurately identify individuals emotion
state through different channels, including textual conversation, facial expres-
sions in videos, images, and speech signals. Due to the complexity and diversity
of emotional expressions, emotion recognition tasks are highly dependent on ef-
fective multimodal data fusion that integrates complementary information from
multiple data sources, i.e., text, speech, and visual cues. Recently, numerous
studies have examined various fusion strategies and deep learning approaches
for emotion recognition.

Visual emotion recognition focuses on identifying emotional states from im-
ages and videos and has advanced significantly with the development of com-
puter vision and deep learning techniques. Emotions expressed in images are
inherently abstract and subjective, making image-based emotion recognition



more challenging than text-based analysis. Deep learning methods, particu-
larly CNNs and transformer architectures, have been widely adopted to extract
discriminative features for emotion recognition in images Pereira et al.| (2024).
The shift to deep learning models, particularly Convolutional Neural Networks
(CNNs), has demonstrated strong capability in learning complex facial patterns
from large-scale datasets, often through robust feature fusion approaches like
global-local joint representation learning [Dong et al.[ (2022). Another study has
demonstrated that CNNs outperform traditional SVM models on benchmark
facial expression datasets, including CK+ and FER2013 (Ezerceli and Eskil,
2022)). |Lucey et al.| (2010) and FER2013 |Goodfellow et al. (2013)). Neverthe-
less, CNN models tend to overfit when they are trained on relatively small
datasets of facial expressions. To overcome these challenges, [Knyazev et al.
(2018) fine-tuned CNNs that were pretrained on a large face recognition dataset,
and they obtained approximately 1% improvement over the previous result. In
addition, [Pons and Masip| (2018) reported that FER could be performed at
the same time with other related skills, such as landmark localization, and by
that, this approach improves model results, indicating the benefits of multi-task
learning in FER. Regarding Textual emotion recognition (TER), it has also
seen significant progress, with recent research highlighting the effectiveness of
transfer learning. For instance, Ameer et al. |Ameer et al.| (2023) fine-tuned
pre-trained transformer models, including RoOBERTa, XLNet, and DistilBERT,
on multi-label emotion datasets in English and Chinese. Their best configu-
ration, ROBERTa enhanced with a multiple-attention mechanism (RoBERTa-
MA), achieved a state-of-the-art accuracy of 62.4%. This high-performing uni-
modal analysis establishes a benchmark for the text component of multimodal
systems. Additionally, a study from SemFEval focused on the use of deep learning
approaches. The authors developed a multi-layer self-attention mechanism com-
bined with a Bidirectional Long Short-Term Memory (Bi-LSTM) model. While
this approach proved effective, BILSTM models can struggle with long-range
dependencies in text, whereas transformer-based models such as DeBERTa ad-
dress this limitation through advanced attention mechanisms (Vaswani et al.)
2017)).

More recently, the BERT Model has achieved astounding performance in
various NLP tasks. It is a deep multi-layer Transformer-based architecture that
is trained in an unsupervised way on a large scale of unlabeled textual data
to learn rich linguistic representations Devlin et al.| (2019). Subsequently, it
was followed by advanced pre-trained models like Transformer-XL and XLNet,
which have also been introduced to enhance contextual understanding. Besides
that, |Cai et al.| (2020) built a BERT model and integrated it with a Bi-LSTM
to analyze and predict sentiment in user-generated text. A recent survey also
discusses further examples of BERT-based methods to recognize text emotion
Acheampong et al.| (2021). Furthermore, a study used more than 144,000 tweets
to create an emotion recognition model based on CNN, in which the Happy
emotion was identified with a high rate of 73%, followed by Label anger with
the lowest ratio of 37%. [Park et al.| (2020)

To overcome the limitations and ambiguities of unimodal approaches, multi-



modal fusion has gained attention in recent decades, as multimodal approaches
have reported a significantly higher effectiveness as compared to unimodal ap-
proaches. As an example, [Lan et al.| (2020) revealed higher performance of the
multimodal methods compared to the unimodal methods. Multimodal fusion
approaches have been shown to improve emotion recognition performance by in-
tegrating diverse signals, including physiological and behavioral data, enabling
richer and more robust affective representations|Katada et al.| (2022]). |Chandrau-
makantham et al.| (2024, who proposed a novel Large Language Model (LLM)-
based feature fusion strategy to overcome limitations in predicting emotions
and handling emotional interplay across channels. Furthermore, the highest-
performing contemporary models for text-image fusion often utilize modern
transformer architectures: advanced systems combining BERT for text pro-
cessing with Vision Transformers (ViT) for image analysis have been shown to
achieve high accuracy, with Deshpande et al. Deshpande et al.| (2025) reporting
a classification accuracy of 96.91% in multimodal sentiment detection. More
broadly, the entire landscape of multimodal emotion recognition has been sys-
tematically reviewed by Hosseini et al.| (2024al), applying different approaches on
audio, image, and text modalities. Their analysis highlighted that the successful
integration of data relies on deep learning models and various fusion strategies
(feature-level, decision-level, and hybrid) to enhance recognition rates. It also
concluded that persistent challenges remain, including the subjective nature of
emotion, cultural variability, and the reliance on extensive, annotated datasets.

The scarcity of large, labeled corpora often hinders the study of multi-
modal emotion recognition (MER). To overcome these challenges, [Zhao et al.
(2022) proposed MEmoBERT, a multimodal pre-training model designed to com-
bine textual, visual, and acoustic representations from a large, self-collected
corpus of unlabeled video data. The key focus of MEmoBERT was a prompt-
based learning approach, which efficiently adapts the pre-trained Transformer
to the classification task by reframing it as a masked text prediction problem.
This strategy proved highly effective, achieving a new state-of-the-art Weighted
Accuracy of 81.09% on the IEMOCAP benchmark.

Similarly, in the context of image—text sentiment analysis, recent works
demonstrate the effectiveness of joint multimodal learning. For instance, Gong
et al. |Gong et al.| (2024) proposed a multi-channel multimodal joint learn-
ing framework that integrates visual and textual features through cross-modal
interaction mechanisms. Their approach was evaluated on the MVSA-Single
and MVSA-Multiple datasets, achieving classification accuracies of 76.98% and
75.32%, respectively. Earlier multimodal emotion recognition approaches relied
on conventional deep learning and simple fusion strategies. Recent work by Haz-
moune Hazmoune and Bougamouzal (2024) reviewed transformer-based multi-
modal emotion recognition models, including BERT, ViT, and cross-attention—based
multimodal transformers, and showed that attention-driven architectures better
capture cross-modal interactions and improve emotion recognition performance
across multiple modalities.



2.1 Multimodal emotion fusion

Multimodal emotion recognition aims to integrate information from multiple
signals, such as sound, language, and image in videos, for recognizing human
emotions. Recent studies conducted employed multimodal fusion for different
modalities. For instance, one study by [Panchal et al.|(2023)demonstrated that
the method predicts user emotions by analyzing facial expressions in video input
while simultaneously incorporating speech and text information. Experimental
results show that emotion recognition methods combining multiple modalities
significantly outperform single-modality approaches in terms of accuracy. Addi-
tionally,|Chen et al.| (2024) proposes a multimodal emotion recognition approach
based on Graph Neural Networks (GNNs). This method represents the features
of each modality as a node in a graph and uses the edges in the graph to
capture the relationships between modalities. This approach effectively handles
the complex interactions between different modalities and demonstrates promis-
ing results in emotion recognition in conversations. In contrast to multimodal
fusion, [Hosseini et al.| (2024b) integrates audio, video, and textual data by incor-
porating a multimodal emotion ecognition method. The authors do not perform
direct trimodal fusion, but first combined audio-video and audio—text features
independently, and subsequently fused the outputs using multinomial logistic
regression. A chi-square test is done during feature selection in an attempt to
reduce redundancy as well as suppress noise before the classification process.
Comparison of the IEMOCAP dataset demonstrated that the proposed mul-
timodal fusion method achieved an accuracy of 82.9%, outperforming several
unimodal and existing multimodal approaches.

Further, other studies have emphasized adaptive fusion strategies for multi-
modal emotion recognition. Lu et allLu et al. (2025) proposed a transformer-
based multimodal fusion framework that integrates text, speech, and visual
modalities for emotion recognition. The model achieved an accuracy of 74.98%
on IEMOCAP (weighted F1: 75.11%) and 67.93% accuracy on MELD, outper-
forming both unimodal and bimodal baselines. However, the framework incurs
a high computational cost and depends on large-scale multimodal data, limiting
its applicability in low-resource scenarios.

Additionally, a recent study on multimodal fusion utilized Transformer-
based models for textual and audio data. |Jatoth et al. (2025)explored mul-
timodal emotion detection using a suite of Transformer-based models, including
BERT and RoBERTa, alongside audio models like AST and Wav2Vec2. Cru-
cially, their findings demonstrated that multimodal fusion consistently outper-
forms unimodal models. The findings further show that Late Fusion (Text + Au-
dio) is particularly effective, achieving the highest weighted F1-Score of approx-
imately 78% on IEMOCAP. For comparison, their best-performing unimodal
text models (ROBERTa+BiLSTM and BERT+BiLSTM) achieved 73.33% and
72.75%, respectively.

However, the above studies demonstrate the effectiveness of multimodal fu-
sion for emotion recognition tasks. Most existing approaches rely primarily
on the IEMOCAP dataset, focusing on video-based facial expressions and con-



versational speech or text, thereby limiting their applicability to social me-
dia—based textual and image data. In particular, Jatoth et al.| (2025). and
Zhang et al.[(2023) focused only on bimodal fusion settings, lacks a systematic
unimodal-multimodal performance comparison, and does not evaluate modal-
ity effectiveness independently. Moreover, their studies focus on sentiment or
constrained emotional contexts, thereby offering limited analysis of emotion
recognition in unconstrained social media environments.

In contrast, this study employs multimodal fusion over social media text
and images across six emotion classes. Furthermore, separate unimodal experi-
ments are conducted on both textual and visual modalities to explicitly analyze
modality contributions and fusion effectiveness, addressing the gaps identified
in prior work.

3 Methodology

3.1 Problem Definition

This study addresses a six-class emotion classification problem with the follow-
ing emotion categories: Happy, Surprise, Angry, Sad, Neutral, and Fear. Each
input sample is assigned a single emotion label encoded numerically as: Happy
(0), Surprise (1), Angry (2), Sad (3), Neutral (4), and Fear (5). The objective
is to automatically predict the correct emotion class using textual information,
visual information, or a combination of both modalities. To systematically ana-
lyze the contribution of each modality, four experimental settings were designed:
text-only emotion classification, image-only emotion classification, Multimodal
emotion classification, and Explainable AI (XAI) integration.

The proposed methodology consists of three main modules: i) Text-Only
emotion classification, ii) Image-Only emotion classification, and iii) Multimodal
emotion classification, as shown in Figure[l} In the Text-only classification mod-
ule, we have employed encoder-only models like BERT(Bidirectional Encoder
Representations from Transformers), DistilBERT, and RoBERTa (Robustly Op-
timized BERT Pretraining Approach). Similarly, in the second module for
image-based emotion classification, ResNet, EfficientNet, and DenseNet CNN-
based architecture models were employed. In the third module, we utilized a
multimodal approach to identify emotion from text as well as image, where we
combined an encoder-only model with CNN-based models. Each of the modules
is comprehensively presented in the following section.

3.2 Dataset Collection

To support unimodal and multimodal emotion recognition, data were collected
from multiple publicly available emotion datasets containing textual data, visual
data, and aligned text-image pairs. Since no single dataset fully satisfied in all
experimental settings, a unified dataset was constructed by integrating samples
from different sources. Three emotion classes, Happy, Surprise, and Sad, were
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collected from the same source. The remaining three emotion classes were col-
lected from different publicly available datasets hosted on Kaggle. Textual data
for the Happy, Surprise, and Sad classes were obtained from publicly available
Kaggle datasets. Angry, Neutral, and Fear textual datasets were also collected
from different Kaggle sources.

All emotion labels from the original datasets were mapped to a unified six-
class emotion taxonomy (Happy, Surprise, Angry, Sad, Neutral, and Fear). Sam-
ples with incompatible or ambiguous labels were excluded. For multimodal
experiments, text-image pairs were either directly taken from existing multi-
modal datasets or constructed by pairing text and image samples that shared
the same emotion label. [2] presents the label distribution of the unified emo-
tion dataset across six emotion categories. The rationale for using this pairing

10
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Figure 2: Label distribution of six emotion classes in the unified dataset (Total
N = 15,528)

strategy was to ensure balanced class representation and similar emotion la-
bels across modalities, enabling controlled assessment. Although not all pairs
were initially co-occurring in real-world posts, this design enables a systematic
analysis of modality contributions within the ITMER framework. The image
datasets were collected from multiple publicly available sources on Kaggle, as
well as through manual curation, because it was not feasible to obtain the re-
quired number of samples for all emotion classes from a single source. The
corresponding dataset links are provided on Kaggle.

3.3 Module 1: Text Only Emotion Classification
3.3.1 Model Input

The input to the text-based emotion classification module consists of short
textual statements from social media post datasets. Each text instance is a
user-generated message associated with one of the 6 predefined emotion classes:
Happy, Surprise, Angry, Sad, Neutral, and Fear. The textual samples vary in
length and are written in informal language, using emojis, punctuation, and web
links; they require preprocessing before being passed to the language encoder
models.

ITextual datasets available at: https://www.kaggle.com/datasets/nelgiriyewitha
na/emotions; https://www.kaggle.com/datasets/subrahmanya090/expression; https:
//www.kaggle.com/datasets/simaanjali/emotion-analysis-based-on-text.

?Image datasets available at: https://www.kaggle.com/datasets/yousefmohamed20/sent
iment-images-classifier; https://www.kaggle.com/datasets/isrcoimbra/emotionnet-6
-realistic-facial-emotion-dataset; https://www.kaggle.com/datasets/aryan0910/face
-emotion-dataset-emotionx-09.

SMendeley dataset available at: https://data.mendeley.com/datasets/zfcd4bny82/1.
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https://www.kaggle.com/datasets/yousefmohamed20/sentiment-images-classifier
https://www.kaggle.com/datasets/yousefmohamed20/sentiment-images-classifier
https://www.kaggle.com/datasets/isrcoimbra/emotionnet-6-realistic-facial-emotion-dataset
https://www.kaggle.com/datasets/isrcoimbra/emotionnet-6-realistic-facial-emotion-dataset
https://www.kaggle.com/datasets/aryan0910/face-emotion-dataset-emotionx-09
https://www.kaggle.com/datasets/aryan0910/face-emotion-dataset-emotionx-09
https://data.mendeley.com/datasets/zfcd4bny82/1

3.3.2 Text Preprocessing

Textual data were preprocessed to reduce noise and improve model performance.
The preprocessing steps included converting to lowercase, removing URLSs, punc-
tuation, and emojis, and removing non-alphanumeric characters, followed by
tokenization. All text sequences were padded or truncated to a fixed length to
ensure uniform input dimensions during model training.

3.3.3 Language Encoder Models

Transformer-based language encoders were pretrained and applied to obtain
contextual representations of textual inputs. Precisely, the encoder-only models
were BERT, RoBERTa, and DistilBERT, which were created to generate dense
sentence embeddings in the form of a sequence of tokenized text. The aggregated
textual feature represented by the [CLS] token representation was moved to
a fully connected classification layer with the softmax activation function to
estimate the emotion class.

3.4 Module 2: Image Only Emotion Classification
3.4.1 Model Input ( Image Module)

Facial emotion images were set as input for the image-only emotion classification
module. Each image contained an expression of one of the six emotion cate-
gories. The images were processed separately and run through a visual encoder
to extract discriminative features based on facial expressions and contextual
visual features.

3.4.2 Image Preprocessing

All images were preprocessed using a standardized transformation pipeline.
Specifically, each image was resized to a spatial resolution of 224 x 224 pix-
els and then converted into a tensor representation using pixel intensity values
scaled to the range [0, 1]. The image preprocessing pipeline is defined as de-
scribed above.

3.4.3 Visual Encoder Models

In order to extract visual features of emotional expressions, several deep convolu-
tional neural networks were used, such as ResNet, DenseNet-121, and EfficientNet-
BO. Such architectures can represent hierarchical spatial codes of low-level facial
representations up to high-level emotional features. The output feature encoder
of the visual encoder is further processed to fully connected layers to make
emotion classification.
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3.5 Module 3: Model Fusion-Based Emotion Classifica-
tion Model

3.5.1 Dual Input (Multimodal)

The multimodal module was set with textual and visual inputs corresponding to
the same instance of emotion. Transformer-based language encoders processed
the textual data, and the associated images are processed through convolutional
neural networks. This structure with two inputs enables the model to have the
complementary emotion cues of both modalities.

3.5.2 Parallel Preprocessing

Preprocessing of text and image inputs is carried out in parallel and followed
by feature extraction. Textual inputs are tokenized, padded, and encoded with
the corresponding language model tokenizer. Simultaneously, image inputs are
resized and normalized through the image preprocessing pipeline. This is paral-
lel preprocessing, ensuring that both modalities are ready for feature extraction
by their respective encoders.

3.5.3 Dual Encoders

Two independent encoders process each modality in the multimodal architec-
ture. A language encoder based on a transformer that extracts contextual tex-
tual embeddings, and a convolutional neural network that uses image feature
encodings. These modality-specific representations capture complementary se-
mantic and visual information useful for emotion recognition.

3.6 Models Evaluation and Integration of Models Explain-
ability (XAI)

3.6.1 Language Models Explainability

Local Interpretable Model-agnostic Explanations (LIME) were employed to in-
terpret the predictions of text-based models. LIME assesses the measurements
of effects of individual tokens by generating perturbed text samples and tracking
changes in model predictions. The result descriptions highlight the significant
words that contribute to the expected emotional class.

3.6.2 Visual Models Explainability

To improve the interpretability of image-based emotion recognition, two post-
hoc explainability techniques were employed: Gradient-weighted Class Activa-
tion Mapping (Grad-CAM) and Local Interpretable Model-agnostic Explana-
tions (LIME). Both methods were applied to trained vision models to analyze
which image regions contributed to the predicted emotion classes.
Grad-CAM: Grad-CAM was used to generate class-discriminative local-
ization maps by leveraging gradients from the final convolutional layer. For a
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given input image = and predicted class ¢, the gradient of the class score y° with
respect to the activation maps A*, the target convolutional layer was computed.
The channel-wise importance weights af were obtained through global average
pooling of the gradients:

o1 ay°
=722 G
% 7 ?

where Z represents the total number of spatial locations in the feature map.
The Grad-CAM heatmap was then computed as a weighted combination of the
activation maps, followed by a ReLU operation:

L&raa-cam = ReLU (Z aZAk> :
k

The heatmap was resized to the input resolution and normalized to the range
[0, 1] to visualize it. This enables qualitative analysis of the facial region, which
contributed most to the significant emotion predictions.

LIME: In addition to Grad-CAM, LIME was applied to provide local,
model-agnostic explanations. LIME generates interpretable explanations by
perturbing the input image into multiple samples and observing the correspond-
ing model prediction changes. A sparse linear surrogate model is fitted around
the specific input instance, and the most influential superpixel regions con-
tributing positively to the predicted class are highlighted. In this study, LIME
explanations were generated using 1000 perturbed samples per input image,
and the top contributing regions were visualized to support the interpretability
analysis of the image-based classifiers.

4 Experiments, Results, and Evaluation Strat-
egy

4.1 FEvaluation Metrics

To evaluate the performance of the classification model, we used standard met-
rics derived from the confusion matrix. The confusion matrix consists of four
outcomes: true positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN). Here, TP represents positive samples correctly classified
as positive, TN represents negative samples correctly classified as negative, FP
represents negative samples incorrectly classified as positive, and FN represents
positive samples incorrectly classified as negative.

4.1.1 Accuracy

Accuracy measures the overall proportion of correct predictions among all pre-

dictions:
TP+TN

TP+TN+FP+FN

(1)

Accuracy =
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Accuracy provides a general measure of model correctness; however, it may be
misleading in imbalanced datasets where one class dominates.

4.1.2 Precision

Precision measures the proportion of predicted positive instances that are truly

positive:
TP
Precision = TP+ FP (2)

Precision is particularly important when the cost of false positives is high.

4.1.3 Recall (Sensitivity)

Recall, also referred to as sensitivity, measures the proportion of actual positive
instances that are correctly identified:

TP
Recall = ———— 3
T TPYFEN )
Recall becomes critical in applications where false negatives are costly, such as
missing abnormal findings in radiology reports.

4.1.4 F1l-score

F1l-score is the harmonic mean of precision and recall, to provide a balanced
measure of results when false positives and false negatives are both important:

Precision x Recall
F1=2 4
x Precision + Recall (4

This measure is specifically applicable to class imbalance and where a trade-
off is required between precision and recall. The comparison of the model per-
formance focuses on the macro-averaged measures because emotion recognition
is multi-class and can be unbalanced. The Macro-F1 offers a balanced-weighted
evaluation of all types of emotion categories, and the majority of classes pre-
dominate the overall performance measurement.

4.1.5 Text-Only Emotion Classification

For text-only emotion classification, multiple transformer-based pretrained lan-
guage models were evaluated, including DistilBERT, RoBERTa, BERT, and
T5. These models were used to encode textual inputs into contextualized se-
mantic representations. The extracted embeddings were then passed through
task-specific fully connected layers, followed by a softmax output layer to predict
probabilities across the six emotion classes. Dropout regularization was applied
during training to reduce overfitting and improve generalization. Performance
comparisons among the evaluated models are reported in the Results section.
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4.1.6 Image-Only Emotion Classification

The image-based emotion classification model employs a deep convolutional
neural network (CNN) to extract the discriminating visual features linked to
emotion expression and other contextual cues. Pre-trained weights were used
to initialize the CNN to leverage transfer learning. The features extracted were
fed to the fully connected layers, and a softmax classifier was used to predict
the emotion label.

4.1.7 Multimodal Emotion Classification

The multimodal model combines both textual and Image data information. Fea-
ture Embeddings of the text encoder and the image encoder were concatenated
to create a unified multimodal representation. A combination of these feature
vectors was subsequently subjected to further dense layers that were intended
to learn cross-modal interactions. The last softmax layer outputs the predicted
emotion category among the six possible categories.

4.2 Training Strategy

Training was done by a uniform optimization strategy on all models to make
them comparable to each other across modalities. The Adam optimizer was
adopted, and categorical cross-entropy loss was adopted as the optimization
method. Validation loss was used to early stop to avoid overfitting. Empirically
chosen hyperparameters included the batch size and the number of epochs,
which remained constant across all the experiments.

4.3 Explainable AI (XAI) Integration for Text-based Mod-
els

To interpret the predictions of the text-only emotion recognition model, explain-
able Al was applied using the Local Interpretable Model-agnostic Explanations
(LIME) technique. The text classifier was based on a transformer encoder (Dis-
tiIBERT) fine-tuned for six-class emotion classification. After training, the pre-
dictor returned both predicted emotion labels and probability scores for each
class [Ribeiro et al.| (2016]).

LIME provides local explanations by approximating the behavior of a com-
plex model around a specific input instance. Given an input text sample, multi-
ple perturbed versions of the text are generated by removing or masking selected
tokens. The trained model is then used to obtain prediction probabilities for
these perturbed samples. Based on this local neighborhood, LIME fits a sparse
linear surrogate model to estimate the contribution of individual words toward
the predicted emotion class. The output explanation highlights the most influ-
ential words along with their positive or negative contribution weights.

In this study, LIME explanations were generated for selected test samples
by extracting the top contributing tokens. (n = 10) for the predicted emotion
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class. These token-level importance scores were used to qualitatively analyze
which words and contextual phrases influenced the model’s predictions, thereby
improving the interpretability of the transformer-based emotion recognition out-
puts.

4.4 Experimental Setup

All experiments were conducted on an NVIDIA A100 GPU (80 GB GPU RAM,
167 GB system RAM). The text-only RoBERTa model was implemented using
the ktrain library with TensorFlow backend, while the image-only DenseNet-121
and multimodal RoBERTa + ResNet18 models were implemented in PyTorch.
Across all three settings, a batch size of 16 and a learning rate of 2e-5 were used.
The text-only and multimodal models were trained using the AdamW optimizer,
while the image-only DenseNet-121 model was trained using the Adam opti-
mizer. CrossEntropyLoss was used as the loss function across all experiments.
Text inputs were tokenized with a maximum sequence length of 400 tokens
for the text-only model and 256 tokens for the multimodal model. All images
were resized to 224x224 pixels and normalized before training. The text-only
model was trained for 3 epochs using a 70/20/10 train/validation/test split, the
image-only model was trained for 5 epochs with an 80/20 train/test split, and
the multimodal model was trained for 3 epochs with an 80/20 train/test split.
All preprocessing pipelines and evaluation protocols were kept consistent across
modalities to ensure fair and reproducible comparison. [I]

Table 1: Experimental setup and hyperparameters for best-performing models
across modalities.

Parameter RoBERTa (Text-only) | DenseNet-121 (Image-only) | RoBERTa + ResNet18 (Multimodal)
Framework TensorFlow / ktrain PyTorch PyTorch

Optimizer AdamW Adam AdamW

Learning Rate 2 x 107° 2% 107° 2x107°

Batch Size 16 16 16

Epochs 3 5 3

Loss Function CrossEntropyLoss CrossEntropyLoss CrossEntropyLoss

Max Sequence Length 400 tokens - 256 tokens

Image Size - 224 x 224 224 x 224

Train/Val/Test Split 70/20/10 80/-/20 80/-/20

Hardware

NVIDIA A100 GPU (80 GB GPU RAM, 167 GB System RAM)

5 Results

5.1 Performance of Multimodal Fusion Models

Section 4 presents a systematic evaluation of the proposed ITMER framework
across text-only, image-only, and image—text multimodal emotion recognition
settings. ITMER is designed as a unified evaluation framework rather than a
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single novel architecture, enabling fair comparison of unimodal and multimodal
models under consistent preprocessing and evaluation protocols.

The performance of the evaluated multimodal fusion architectures for emo-
tion recognition is summarized in Table 2] All models were assessed on an
independent test set (N = 300) using accuracy, macro-averaged, and weighted-
averaged precision, recall, and F1-score as well as weighted evaluation metrics
to account for potential class imbalance.

The proposed RoBERTa + DenseNet-121 model achieved an accuracy of
90.00%, with a macro Fl-score of 92.00% and a weighted F1l-score of 90.00%.
This configuration also attained the highest macro recall (92.00%) among the
transformer—CNN fusion models, indicating balanced performance across emo-
tion categories.

The BERT + ResNet architecture achieved the same overall accuracy (90.00%)
as the proposed approach, with comparable macro-precision (91.00%) and macro-
recall (92.00%). However, its macro Fl-score (91.00%) was marginally lower,
suggesting a slightly reduced balance across classes.

The DistilBERT + EfficientNet-BO configuration obtained an accuracy of
88.00% and a macro Fl-score of 83.00%. Although competitive, DistilBERT s
lower model capacity relative to full transformer architectures appears to slightly
limit overall multimodal fusion performance.

The EfficientNet-B0 + GPT-2 model achieved an accuracy of 90.93%, with
macro and weighted F1-scores of 90.73% and 88.65%, respectively. While macro
performance remains competitive, the lower F1-score weight indicates reduced
robustness to class imbalance.

Among baseline multimodal models, FLAVA demonstrated substantially
lower performance, achieving 69.29% accuracy and a macro Fl-score of 66.28%.
In contrast, CLIP-Text + ViT-B/32 performed competitively, achieving 89.00%
accuracy and a macro Fl-score of 91.00%, confirming the effectiveness of large-
scale vision—language pretraining for multimodal emotion recognition tasks.

The SigL.IP model achieved the highest overall accuracy (92.00%); however,
its macro recall (86.00%) was lower than that of the proposed approach, indi-
cating less consistent performance across emotion classes despite strong overall
accuracy.

Additional multimodal configurations were considered to evaluate the per-
formance of transformer CNN fusion approaches. The RoBERTa + ResNetl18
model achieved an accuracy of 91.00%, with macro precision and recall of 92.00%
and 93.00%, respectively, and a macro Fl-score of 92.00%. It was shown that
this setup achieved high, well-balanced performance across all emotion classes,
indicating the effectiveness of integrating contextual textual representations
from RoBERTa with deep residual visual feature extraction.

BERT + DenseNet-121 models were shown to have competitive results,
achieving an overall accuracy of 90.00% and a macro Fl-score of 91.00%. The
visual encoder has dense connectivity, enabling improved reuse of features and
gradient flow, which appears to contribute to the recognition of emotions per-
formance across several different categories.

The RoBERTa + EfficientNet-BO model had an accuracy of 87.00% with
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a macro Fl-score of 89.00%. Despite being slightly lower than the highest-
performing models, the architecture still had quite high recall values, suggesting
that EfficientNet-based visual encoders can effectively capture relevant face and
contextual emotional cues in combination with transformer-based text repre-
sentations.

Similarly, the BERT + EfficientNet-BO model had an overall accuracy of
87.00% and equalized macro precision and recall values of 89.00%. These re-
sults suggest that even though the EfficientNet-based multimodal combinations
are competitive, architectures incorporating deeper residual networks or densely
connected networks are likely to offer a slightly higher and more stable multi-
modal representation. In general, the findings indicate that transformer-CNN
multimodal fusion architectures consistently outperform unimodal approaches.
Models combining strong textual encoders (e.g., BERT or RoBERTa) and deep
convolutional visual feature extractors (e.g., DenseNet or ResNet) provide the
most balanced and robust performance across emotion categories.

Emotion prediction patterns further emphasize the advantages of multi.
modal fusion. Emotions like happy and fear are usually recognized with higher
accuracy because of their clear visual and textual cues. In contrast, emotions
such as neutral and sad show more confusion, probably due to overlapping
semantic and contextual features. These findings match common difficulties in
multimodal emotion recognition, where subtle affective states often have similar
linguistic and visual traits.

Table 2: Performance comparison of multimodal fusion architectures.

Classifier ‘ Accuracy ‘ Precision ‘ Recall ‘ F1-Score
‘ (%) ‘ Macro  Weighted ‘ Macro  Weighted ‘ Macro  Weighted

RoBERTa + DenseNet-121 (Ours) 90.00 91.00 90.00 92.00 90.00 92.00 90.00
DistilBERT + EfficientNet-B0 88.00 89.00 88.00 90.00 88.00 89.00 87.00
BERT + ResNet-50 90.00 91.00 90.00 92.00 90.00 91.00 90.00
EfficientNet-B0O + GPT-2 88.83 90.93 89.20 91.07 88.83 90.73 88.65
FLAVA (Baseline) 69.29 63.08 59.60 75.74 69.29 66.28 60.29
CLIP-Text + ViT-B/32 (Baseline) 89.00 91.00 90.00 91.00 89.00 91.00 89.00
SigLIP 92.00 92.00 89.00 86.00 88.00 88.00 88.00
RoBERTa + ResNet18 91.00 92.00 91.00 93.00 91.00 92.00 91.00
BERT + DenseNet-121 90.00 91.00 90.00 92.00 90.00 91.00 90.00
RoBERTa + EfficientNet-BO 87.00 88.00 87.00 91.00 87.00 89.00 87.00
BERT + EfficientNet-B0 87.00 89.00 87.00 89.00 87.00 89.00 87.00

5.2 Performance of Uni-modal Text-Based Models

The performance of uni-modal (text-only) emotion classification models evalu-
ated on the test set (N = 3,102) is summarized in Table[3] Overall, all text-based
approaches achieved notably lower performance compared to the multimodal fu-
sion architectures presented earlier.

The performance of unimodal (text-only) emotion classification models eval-
uated on the test set (N = 3,102) is summarized in Table Overall, the
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performance of all text-based methods was particularly lower than that of the
multimodal fusion models described above, emphasized on the limitations of
using solely textual cues for emotion recognition.

Among transformer-based models, BERT, RoBERTa, and DistilBERT achieved
almost the same accuracy values of 71.00%, with macro Fl-scores ranging be-
tween 69.00% and 70.00%. These models exhibited relatively high macro recall
(78.00%), indicating that they successfully identify a large proportion of emo-
tion instances. However, the comparatively lower macro precision suggests an
increased rate of false positives across emotion categories.

The T5 model demonstrated the weakest performance among the evaluated
unimodal architectures, achieving an accuracy of 66.00% and a macro F1-score
of 65.00%. This result indicates that generative text-to-text architectures may
be less effective for fine-grained emotion classification when trained in a purely
text-based setting.

The GPT-2-based configuration achieved an accuracy of 70.87%, with a
macro Fl-score of 69.70% and a weighted Fl-score of 64.58%. The disparity
between macro and weighted metrics suggests sensitivity to class distribution,
where performance varies across different emotion categories.

Table 3: Performance comparison of uni-modal (text-only) emotion classifica-
tion models on the test set (N=3102).

Model ‘ Accuracy ‘ Precision ‘ Recall ‘ F1-Score

‘ (%) ‘ Macro  Weighted ‘ Macro  Weighted ‘ Macro Weighted
DistilBERT 71.00 69.00 67.00 78.00 71.00 69.00 63.00
RoBERTa 71.00 69.00 67.00 78.00 71.00 69.00 63.00
BERT 71.00 68.00 67.00 78.00 71.00 70.00 64.00
T5 66.00 61.00 58.00 73.00 66.00 65.00 59.00

GPT-2 + EfficientNet-B0 70.87 67.03 65.39 77.90 70.87 69.70 64.58

5.2.1 Performance of Uni-modal (image-only) Emotion Classifica-
tion

The performance of uni-modal (image-only) emotion classification models was
evaluated on the test set (N = 3,106), summarized in Table [4 Overall, image-
based approaches showed stronger performance and outperformed text-only
models. However, they remain less effective than multimodal fusion architec-
tures. DenseNet-121 achieved the highest performance Score, with an accuracy
of 83.81% and a macro Fl-score of 84.76%, among the evaluated visual models,
indicating DenseNet-121 strong ability to capture discriminative visual features
related to emotional expressions. ResNet and EfficientNet-B0O also exhibited
competitive performance with an accuracy of 82.03% and 81.36%, respectively,
with balanced precision and recall across emotion categories.

In addition, the Vision Transformer (ViT) model achieved comparatively
lower performance, with an accuracy of 80.68% and a macro F1-score of 82.52%.
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This suggests that convolutional neural network architectures remain more ef-
fective than transformer-based models for image-only emotion recognition in the
evaluated setting. In general, these findings suggest that while unimodal image-
based models achieve stronger performance than unimodal text-only approaches
(71% accuracy), they remain below the multimodal fusion architectures, which
achieve up to 92% accuracy. This performance gap underscores the significance
of jointly modeling visual and linguistic cues, as multimodal integration en-
ables a more comprehensive and robust representation of emotional expressions
than either of the two modalities. 13| shows the confusion matrices of the three
best-performing models.

Table 4: Performance comparison of uni-modal (image-only) emotion classifica-
tion models on the test set (N=3106).

Model ‘ Accuracy ‘ Precision Recall F1-Score

‘ (%) ‘ Macro  Weighted ‘ Macro  Weighted ‘ Macro Weighted
Vision Transformer (ViT) 80.68 85.59 82.12 81.12 80.68 82.52 80.37
EfficientNet-B0 81.36 83.39 81.40 83.19 81.36 83.27 81.36
DenseNet-121 83.81 84.89 83.74 84.72 83.81 84.76 83.73
ResNet 82.03 84.33 82.23 83.04 82.03 83.63 82.09
MobileNetV2 78.72 81.51 78.90 79.61 78.72 80.47 78.75
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Figure 3: Confusion matrix of the best-performing models across modalities: (a)
multimodal model RoBERTa+DenseNet, (b) image-only model EfficientNet-BO0,
and (c) text-only model RoOBERTa.

5.3 Explainable AI Results for Image-based Models

Grad-CAM heatmaps were applied to the test samples to analyze the decision-
making behavior of the image-only emotion classification models. The out-
comes of the generated heatmaps indicate that the model consistently focused
on emotion-relevant facial regions when making predictions. In the majority
of samples, higher activation is found in most instances around the prominent
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components of the face, such as eyes, mouth, and eyebrows, suggesting that the
model is dependent on meaningful facial cues rather than irrelevant background
regions. However, in a small number of challenging cases, activation was also
observed in non-facial regions such as background areas and lighting artifacts,
which may have contributed to misclassification in those instances.

(a) Original (True:3 (b) Original (True:0
Pred:3) Pred:0)

(e) Grad-CAM (f) Grad-CAM

Figure 4: Explainable Al visualizations for emotion recognition using LIME and
Grad-CAM.

In addition, LIME was employed on selected image samples to identify lo-
cal superpixel regions contributing positively to the predicted emotion class.
To compute LIME explanations on every input image, 1000 perturbation sam-
ples were visualized to support the analysis of interpretability. The regions
identified by LIME across various test samples were largely consistent with the
facial regions highlighted by Grad-CAM, indicating consistency between the two
complementary explanation methods. This correspondence between gradient-
based and model-agnostic explanations provides additional qualitative evidence
of image-based models focused on emotion-relevant facial features, thereby en-
hancing the general reliability and transparency of the proposed framework.
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However, in certain challenging samples, the explanation maps show attention
to non-facial regions such as background elements or lighting artifacts, which
may have led to occasional misclassifications in those specific instances. Despite
these limitations, the visual explanations outputs confirm that the image-based
models effectively learned emotion-relevant facial patterns. Furthermore, these
findings highlight potential directions for future research, including incorporat-
ing face-cropping preprocessing or attention-guided training to reduce model
sensitivity to irrelevant background regions. The XAI visualizations for the
image-based emotion recognition are shown in Fig. [4]

5.4 Explainable AI Results for Text-based Models

To interpret the predictions of the text-based emotion classification model, Lo-
cal Interpretable Model-agnostic Explanations (LIME) was applied to the fine-
tuned DistilBERT classifier. The explanations were generated using the model’s
probability outputs (predict-proba) through a custom prediction function, en-
suring compatibility with LIME. For each selected test instance, LIME was
configured to extract the top 10 most influential textual features (num-features
= 10) contributing to the predicted emotion class. These features were assigned
weights indicating their positive or negative influence on the model’s decision.
The LIME analysis reveals that the model assigns strong positive weights to
emotionally explicit words. For instance, tokens such as “happy,” “joy,” and
“excited” contribute positively toward the happy class, while words like “sad,”
“lost,” and “angry” push predictions toward their respective negative emotion
classes.

This demonstrates that the DistilBERT model effectively captures semanti-
cally meaningful emotional cues. A key observation from the experiments is the
model’s behavior on complex sentences containing multiple emotional states.
For example, in the test sentence:

“I felt happy and full of joy when I got the news, but later I was sad think-
ing about what I lost, and now I'm just neutral and calm, though I'm still
surprised,” LIME highlights competing contributions from different tokens: Pos-
itive weights for “happy” and “joy.” Negative or opposing contributions from
“sad” and “lost.” Moderate contributions from “neutral” and “surprised.” This
indicates that the model considers multiple emotional cues simultaneously, lead-
ing to a final prediction based on the dominant aggregated signal. Such behavior
explains occasional ambiguity or reduced confidence in predictions for multi-
emotion inputs. The explanations were visualized using horizontal bar plots,
where Positive weights (green bars) indicate words supporting the predicted
class, and negative weights (red bars) indicate words opposing the prediction.

Additionally, [5| LIME highlighted text visualization provides a complemen-
tary multi-emotion test sentence where the model’s final prediction corresponds
to class 1 (surprise). As we can see in the figure, words like ”surprised” strongly
dominate the prediction, with a significant positive score of approximately 0.79,
displayed as a prominent green bar. However, competing tokens such as ”felt,”
"happy,” "neutral,” and ”calm” have negative weights (red bars), demonstrat-
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ing that they oppose the predicted class. Although words like “im”, “still”, and
"how” exhibit minimal and positive contributions, whereas”full” has a slight
negative weight. The visual comparison between the contribution of ”surprised”
and all remaining words shows that the model’s prediction is influenced predom-
inantly by a single high-confidence token, despite the sentence containing cues
from several emotion categories.

LIME word contributions - Prediction: 1

suprsed |
o
happy [ ]
im |
5w ]
g ]
stil [ ] e
am 1
pow |
full |
(b) LIME explanation of DistilBERT:
(a) Explanation results of LIME-based contributions of words, highlighting to-
DistilBERT on a multi-emotion input. kens, and prediction probability.

Figure 5: LIME-based Results Explanation of the DistilBERT Text Emotion
Classifier on a Multi-Emotion Test Instance.

Sub figure (a) shows the LIME explanation panel for the given test in-
stance, which consists of three components. The left panel shows the prediction
probability distribution among emotion classes, where class 1 achieves the high-
est probability of 0.76, followed by class 4 at 0.17, then class 0 at 0.05, class
5 at 0.01, and all remaining classes at 0.00. His distribution supports the fact
that although the model predicts class 1 with high confidence, a non-negligible
probability mass is assigned to class 4, indicating the sentence’s inherent emo-
tional complexity. The center panel represents the word contribution bar chart
in an interactive LIME format, which shows the contribution scores of the top
features compared to class 1 versus NOT 1, with the highest positive score of
0.79. for class ”surprised”. The input sentence is displayed in the right panel
with the most influential token, ”surprised,” highlighted in orange directly in
the sentence. I felt happy and full of joy when I got the news, but later I was
sad thinking about what I lost, and now I’'m just neutral and calm, though I'm
still surprised by how quickly everything changed today.”

This embedded highlighting supports that the model’s attention is connected
to the word “surprised” and provides a human-readable description of the clas-
sification decision intuitively. Further, these visualizations provide intuitive
insight into how individual words influence model decisions and allow easy iden-
tification of dominant emotional drivers in the text. Beyond isolated keywords,
LIME results suggest that the model leverages contextual meaning captured
by transformer embeddings. Words appearing in emotionally rich contexts re-
ceive higher importance scores compared to neutral or filler words, confirming
that the model is not solely keyword-dependent. In certain cases, LIME reveals
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that the model assigns importance to less relevant tokens or fails to correctly
interpret nuanced expressions, such as implicit emotions or subtle transitions
between emotional states.

This is particularly evident in sentences with sarcasm or gradual emotional
shifts, where contributions are distributed across multiple classes. Overall, the
LIME-based analysis confirms that the DistilBERT model makes decisions based
on interpretable and semantically meaningful textual features, while also high-
lighting its limitations in handling multi-emotion and contextually complex in-
puts. This strengthens the transparency and reliability of the proposed multi-
modal framework.

6 Discussion

Human-computer interaction requires enhanced emotional awareness and trans-
parency. In contribution to that, this study evaluated a multimodal emotion
recognition framework integrated with Explainable AT (XAI) mechanisms. The
results of the proposed work with XAI showed notable improvement, demon-
strating that multimodal fusion significantly improves the performance of emo-
tion classification over unimodal approaches. Based on these results, the multi-
modal architectures consistently outperformed unimodal models, achieving 92%
accuracy and a macro-F1 of 92% for the RoOBERTa + ResNet18 configuration,
while the text-only model DistilBERT had a maximum accuracy of 71%, and
the image-only model DenseNet-121 had an accuracy of 83.81%. These findings
align with a larger body of literature confirming that multimodal emotion recog-
nition systems offer a deeper and more robust analysis of emotional states com-
pared to unimodal approaches. For instance, a recent study such as|Deshpande
et al| (2025) reported comparable high classification accuracy in multimodal
image—text sentiment detection frameworks.

A key contribution of this work is the comparison between modalities. The
results revealed that image-only models outperformed text-only models. Text
models exhibited higher recall but lower precision, while image models provided
more discriminative feature representations. This suggests that visual modality
provides stronger discriminative features for emotions. The findings align with
the existing work done on MER. Unimodal systems may misinterpret emotions
as they rely solely on a single source of signals for emotional interpretation,
which often results in decreased accuracy, especially in dynamic environments
where multimodal data provides complementary cues for a better understand-
ing. [Nguyen et al. (2026) The present study directly addresses this limita-
tion by demonstrating that fusing textual and visual representations mitigates
modality-specific weaknesses and produces a more balanced precision—recall
tradeoff across all six emotion categories. This explicit unimodal-multimodal
comparison is rarely performed in prior work on image—text emotion recognition,
and thus strengthens the analytical depth of the ITMER framework.

Among multimodal models, ROBERTa + DenseNet-121 achieved strong macro
performance. SigLIP achieved the highest accuracy but lower macro recall.
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FLAVA underperformed significantly. This suggests that: Simple feature con-
catenation with strong encoders can outperform complex unified multimodal
pretraining models. Cross-modal alignment quality matters more than model
complexity. Large pretrained contrastive models (CLIP/SigLIP) generalize well
but may suffer from class imbalance sensitivity.

The integration of Grad-CAM and LIME significantly enhances the trans-
parency of this framework. Image explanations highlight emotion-relevant facial
areas, i.e., the eyes, mouth, and eyebrows. While the Text explanations revealed
that emotion-related tokens dominate the prediction score. The convergence of
both approaches on the same facial regions gives additional confidence in the
reliability of the visual explanations. However, in complex inputs, for example,
sentences with multiple emotions or images with complex backgrounds. The
contributions score was divided across competing features, suggesting sensitiv-
ity to irrelevant or ambiguous inputs.

6.1 Limitations

Despite strong performance, several limitations exist:

Text-image pairs were partially constructed rather than naturally co-occurring.
Dataset size remains moderate. The fusion method relies primarily on con-
catenation. The computational cost of multimodal transformers is high. Fu-
ture work may explore: Cross-attention fusion mechanisms, Real-world aligned
multimodal datasets, Lightweight multimodal architectures, Domain adaptation
across social media platforms.

7 Conclusion

This paper presented ITMER, a unified multimodal framework for emotion
recognition integrating textual and visual modalities. Through systematic evalu-
ation of text-only, image-only, and multimodal configurations, the study demon-
strated that multimodal fusion significantly improves classification accuracy and
macro-F1 performance.

Experimental results showed that multimodal models achieved up to 92%
accuracy, substantially outperforming unimodal baselines. The findings confirm
that emotional understanding benefits from the complementary integration of
semantic and visual cues. Furthermore, the incorporation of Explainable Al
techniques, including Grad-CAM and LIME, enhances model transparency by
providing qualitative insight into both visual attention regions and influential
textual tokens.

Overall, this work contributes A systematic unimodal-multimodal compar-
ative evaluation, a robust image—text fusion framework, and integrated inter-
pretability mechanisms for emotion recognition. Future research will explore
attention-based fusion strategies, real-world paired datasets, and efficiency op-
timization for deployment in real-time human—computer interaction systems.
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Code Availability

The code for all models and additional resources supporting the findings of this
study is available at |GitHub Repositoryl
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