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Beyond visual cues: Emotion recognition in images with text-aware fusion
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ARTICLE INFO ABSTRACT

Dataset link: https://t.ly/IAWwu Sentiment analysis is a widely studied problem for understanding human emotions and potential outcomes.

As it can be performed over textual data, working on visual data elements is also critically substantial to

Kem ords: . examining the current emotional status. In this effort, the aim is to investigate any potential enhancements
Sentiment analysis . . . . . . . . is
Hybrid model in sentiment analysis predictions through visual instances by integrating textual data as additional knowledge

reflecting the contextual information of the images. Thus, two separate models have been developed as image-
processing and text-processing models in which both models were trained on distinct datasets comprising the
same five human emotions. Following, the outputs of the individual models’ last dense layers are combined
to construct the hybrid multimodel empowered by visual and textual components. The fundamental focus is
to evaluate the performance of the hybrid model in which the textual knowledge is concatenated with visual
data. Essentially, the hybrid model achieved nearly a 3% F1-score improvement compared to the plain image
classification model utilizing convolutional neural network architecture. In essence, this research underscores
the potency of fusing textual context with visual information to refine sentiment analysis predictions. The
findings not only emphasize the potential of a multi-modal approach but also spotlight a promising avenue
for future advancements in emotion analysis and understanding.

Image & text processing
Deep learning

1. Introduction

Sentiment analysis, a computational effort dedicated to interpreting
the intricate emotional nuances embedded mostly within textual repre-
sentations, whether a sentence, paragraph, or document, has garnered
significant attention within distinct research communities [1-3]. Its ap-
plicability spans diverse domains, mostly containing customer services,
marketing, legal authority services, and the vigilant monitoring of
social media landscapes [4,5]. While the traditional scope of sentiment
analysis has historically centered on textual data, the contemporary re-
search landscape is witnessing a notable surge in interest in integrating
visual data into this analytical framework [6]. This increased attention
is grounded in the belief that visual data incorporating elements such
as facial expressions and body language, holds the potential to enhance
our understanding of an individual’s emotional state. This paradigm
shift underscores the evolving nature of sentiment analysis and its
adaptation to incorporate multi-modal data sources [7].

Within the framework of this paper, our conceptualization un-
folds within the confines of a dual-model architecture, an intricately
designed construct where the inaugural pillar is anchored in an image-
processing model. This model, ingeniously fashioned upon the robust
foundations of a convolutional neural network (CNN), harnesses the
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potency of deep learning to meticulously extract nuanced features
latent within visual stimuli [8]. In tandem, the second pillar takes shape
as a text-processing model intricately woven into the fabric of a fully-
connected neural network (ANN) [9]. This textual counterpart assumes
the responsibility of deciphering the descriptive features intricately
interwoven within the textual content. Notably, the outputs stemming
from these seemingly disparate yet symbiotic models converge harmo-
niously to craft a unified prediction, emblematic of the symbiosis of
both visual and textual cues.

The validation of our proposed model unfolds across a meticulously
curated dataset, a rich tapestry interwoven with textual and visual data
elements, each adorned with five discrete emotional labels (classes):
happiness, sadness, anger, surprise, and fear. The empirical validation
resonates with resounding endorsement by underscoring the robustness
of our hybrid model. A notable accuracy surge of 3%, when juxtaposed
against the standalone image-processing model, stands testament to the
efficacy of our proposed framework. This work stands not only as a
testament to the efficacy of our hybrid model but also serves as a clarion
call by articulating the potential encapsulated within the confluence
of visual and textual data as a steadfast approach for reinforcing the
foundations of traditional sentiment analysis.
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The implications of our research reverberate across various ap-
plications, ranging from enhancing the finesse of customer service
interactions to introducing new dimensions to marketing strategies.
Furthermore, it extends to deepening the insights derived from the
ever-dynamic landscape of social media. The notable contributions of
this study, outlined with specificity, are listed below.

- Multi-modal Fusion for Enhanced Sentiment Analysis: The
introduced hybrid model deftly fused visual and textual data for
sentiment analysis and obtained relatively better accuracy.
Architectural Innovation: The dual-pillar design, utilizing a well-
known approach, a convolutional neural network (CNN) for image
processing and a fully-connected artificial neural network (ANN) for
text processing, offers a strategic alignment with the strengths of each
modality.

Performance Improvement and Practical Applicability: A
commendable 3% accuracy improvement against our base image-
processing model highlights the model’ s prowess in gleaning deeper
insights by leveraging both textual and visual data.

These contributions collectively mark a significant advancement in
sentiment analysis methodologies, presenting a compelling case for
the integration of visual and textual data. This research paves the
way for an enriched understanding of human sentiment and emotional
expressions, thereby enhancing the effectiveness of applications across
industries that rely on sentiment analysis for informed decision-making.

The rest of the paper is organized as follows. Section 2 intro-
duces general background knowledge about the relevant topics, while
Section 3 explains the dataset details used in the experiments. Sec-
tion 4 describes the hybrid model-building details. Section 5 presents
experimental results and comparative evaluations. Finally, Section 6
concludes the study with an overall summary and Section 7 briefly
mentions limitations and potential future directions.

2. Background

The exploration of sentiment analysis has, over the years, captivated
the research community, primarily honing in on either text or visual
data as discrete entities to construct predictive models [10,11]. An
illuminating example of harnessing text data for emotion analysis is
evident in the work of Wang et al. [12]. Their study introduces a
technique that amalgamates lexical and syntactic features, offering
a comprehensive model for affect in text. This method has proven
effective in detecting emotions within a dataset of tweets, showcasing
the versatility of textual data in capturing nuanced emotional states.

In a parallel trajectory of research, there exists a distinct yet in-
terconnected domain that exclusively delves into the utilization of
image data for emotion analysis. A notable illustration is found in Levi
and Hassner’ s [13] study, which introduces a methodology anchored
in a convolutional neural network (CNN) and binary patterns. This
approach is tailored for recognizing emotions in facial images, high-
lighting its efficacy in discerning emotions such as happiness, sadness,
anger, and disgust. The authors conducted extensive experiments on
a sizable dataset of facial images and achieved commendable accuracy
in the identification of diverse emotional states encapsulated within the
visual modality.

These two distinct research strands, one pivoting around the textual
landscape and the other navigating the visual realm, represent comple-
mentary approaches to sentiment analysis. By delving into the intrica-
cies of both text and image data, researchers have sought to broaden
the scope of emotion analysis, acknowledging the unique strengths each
modality brings to the fore. As we delve into the convergence of these
two domains, an emergent theme is poised to redefine the landscape
of sentiment analysis, presenting novel avenues for constructing robust
predictive models that seamlessly integrate both textual and visual
cues.
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Since the inception of deep learning methods, a revolutionary
paradigm has emerged, placing multi-modal approaches at the fore-
front and advocating for the fusion of multiple models to enhance
performance [14-16]. A striking illustration of such a multi-modal
initiative is evident in the research conducted by Miller et al. [17].
Their study represents a noteworthy instance wherein the integra-
tion of various modalities aims to enrich image classification. The
crux of their approach lies in seamlessly integrating natural language
understanding and leveraging associated metadata effectively. This
integration culminates in the creation of a multi-modal image classifi-
cation model, seamlessly combining convolutional methodologies with
linguistic comprehension drawn from descriptions, titles, and tags.

The amalgamation of ResNet-50 image features and Universal Sen-
tence Encoder embeddings stands out, yielding impressive results with
an enhanced Top 5 error rate of 73.05% and a Top 1 error rate
of 54.65%, surpassing benchmark results by 1.56%. These outcomes
underscore the substantial augmentation that external textual features
can bring to image classification. In tandem with this experiment, our
study delves into the exploration of multi-modal techniques in the do-
main of emotion detection. Envisaging a landscape where information
fusion from diverse sources, spanning both image and text data, gives
rise to more resilient models, our approach proves particularly ben-
eficial in scenarios where images are accompanied by supplementary
information such as captions, tags, and descriptions.

Recognizing the limitations of single-modality approaches in senti-
ment analysis, especially in social media with its inherent variability,
You et al. [18] proposed a robust visual-textual sentiment analysis
framework. Their approach emphasizes the importance of treating vi-
sual and textual information jointly in a structured manner. By leverag-
ing a semantic tree structure derived from sentence parsing, their model
aligns textual words with corresponding image regions to achieve a
more accurate analysis. Furthermore, they incorporate an attention
mechanism with LSTM and an auxiliary semantic learning task to learn
a robust joint visual-textual representation. Their findings demonstrate
that this structured approach, combined with attention mechanisms,
significantly improves sentiment analysis performance compared to
existing joint models. Addressing the need for more sophisticated multi-
modal sentiment analysis approaches, Huang et al. [19] introduced the
Deep Multimodal Attentive Fusion (DMAF) model. This model utilizes
a mixed fusion framework to effectively capture the discriminative
features and internal correlations between visual and textual con-
tent. DMAF employs two unimodal attention models to learn emotion
classifiers for image and text modalities independently. Furthermore,
an intermediate fusion-based multimodal attention model exploits the
inter-modal relationships between visual and textual features. Finally, a
late fusion scheme combines the outputs of all three attention models to
predict sentiment. Their experimental results highlight the effectiveness
of this attentive fusion approach in improving sentiment classification
accuracy on both weakly labeled and manually labeled datasets.

Diverging from prior works, our investigation takes a distinctive
path by seamlessly integrating textual data in tandem with visual
information. Our study stands apart not only in terms of model design
and dataset selection but also in its contribution of fresh insights,
achieved through the implementation of a deep learning-driven multi-
modal architecture. This divergence in methodology and perspective
contributes to the evolution of the field, offering novel insights that
advance our understanding of the synergies between textual and visual
information in deep learning applications.

In addition, recent studies delve into sentiment analysis of video
data by amalgamating audio cues [20]. These investigations illumi-
nate that incorporating audio information augments sentiment analysis
on video data. However, considerable room for refinement remains.
Central challenges encompass the absence of suitable datasets and com-
plexities surrounding testing methodologies for assessing the impact of
these markers. As ongoing research showcases promising outcomes, in-
tegrating these aspects into future studies holds the potential to amplify
and refine the accuracy of sentiment analysis. Further advancement lies
in analyzing diverse markers for emotions, extending to the auditory
realm.
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3. Dataset details

In this experimental hybrid model, we used well-known and pub-
licly available datasets from the Kaggle platform for training, while we
manually collected and annotated 100 emotion-reflecting images from
the Twitter platform for testing. For the textual data submodel, we em-
ployed a valuable resource for Natural Language Processing (NLP) tasks
focused on emotion analysis available via the link: https://www.kaggle.
com/datasets/praveengovi/emotions-dataset-for-nlp. This dataset com-
prises a diverse collection of textual data, annotated with corresponding
emotional labels, making it an ideal asset for training and evaluating
machine learning models aimed at understanding and predicting emo-
tions from text [21]. In the dataset, we have 20K instances labeled
uniquely by one of the six emotions, including joy, love, sadness, surprise,
anger, and fear. After applying the cleaning step to the dataset, we
obtained 14,696 instances to utilize in the experiments. The dataset
covers a wide range of emotions which allows researchers, data scien-
tists, and practitioners to develop and fine-tune intelligent algorithms
to detect and classify emotions expressed in various contexts, such as
social media posts, customer reviews, surveys for services, or other
textual forms. This resource holds substantial potential for advancing
sentiment analysis and emotion recognition tasks, that contribute to
applications ranging from sentiment-aware chatbots to more nuanced
customer feedback analysis.

For the image-based submodel, we utilized another substantial
image resource for facial expression analysis tasks available via the link:
https://www.kaggle.com/datasets/msambare/fer2013. The FER2013
dataset is a collection of 48 x 48 pixel grayscale images of faces
with emotion labels. The faces have been automatically registered so
that they are centered and occupy approximately the same amount of
space in each image. The dataset consists of two sets: a training set
of 23,308 examples and a public test set of 5834 examples. The task
is to categorize each face based on the emotion shown in the facial
expression into one of seven categories: angry, disgusted, fearful, happy,
sad, surprised, or neutral.

Regarding the test set for the proposed model’ s evaluation, we col-
lected 100 text and image examples from Twitter containing anger, fear,
happy, sad, and surprised emotion classes. The curated test dataset was
subjected to image-based, textual-based, and hybrid multimodal-based
models. Following, the obtained performance scores were compared
and reported for assessment purposes. Here, the selection of this com-
pact size of the test set is a deliberate choice since the carefully curated
nature of the Twitter dataset, with associated textual descriptions, al-
lows for rigorous testing of the model’s ability to fuse visual and textual
information. Here, employing a compact test set is a deliberate choice
since the carefully curated nature of the Twitter dataset, with associated
textual descriptions, allows for rigorous testing of the model’s ability to
fuse visual and textual information.

4. Methods

In this section, we describe the methods used to demonstrate the
performance improvement of the multimodel infrastructure. We built
two distinct model configurations: image model and multimodel. The
image model was trained on an image dataset, while the multimodel
was trained on a dataset containing images and text instances. We
evaluated the performance of each model on a held-out test set. The
overall proposed method is represented in Fig. 1.

4.1. Preprocessing

Data preprocessing serves as a critical phase in the machine learning
pipeline, which holds significant importance in ensuring that the data
is clean, consistent, and formatted in a specific way that is intelligible
to the model. In light of this fact, we have implemented meticulous
preprocessing procedures for both image and text datasets. The primary
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objective is to cultivate the creation of more accurate models by
refining the input data. This comprehensive approach guarantees that
the data is thoroughly well-prepared and optimized, setting the stage
for subsequent phases of the machine-learning process. The ultimate
aim here is to enhance the overall efficiency and accuracy of the models
utilized in our study by contributing to the robustness of the analytical
framework and the reliability of the outcomes.

4.1.1. Image data preparation

The first step in working with image datasets is often to separate the
visual data into different categories. This is typically done by organizing
the images into different folders based on their labels. Once the data
is separated, a variety of preprocessing steps are applied to ensure
consistency and remove any irrelevant or low-quality images. These
steps include:

Image resizing: This step involves resizing the images to a consistent
size. This is important for ensuring that the images are all processed
in the same way and that the model does not overfit to any particular
size.

Normalization: This step involves adjusting the values of the image
pixels so that they have a mean of 0 and a standard deviation of 1.
This is done to ensure that the data is evenly distributed and that the
model does not overfit to any particular range of values.

Cleaning: This step involves removing any irrelevant or low-quality
images from the dataset. This can include removing images that are
corrupted, blurry, or do not contain the target object.

4.1.2. Text data preprocessing

Text data preprocessing is a process of cleaning and transforming
unstructured text data into a format that can be understood by machine
learning algorithms. The specific steps involved in text data preprocess-
ing vary depending on the specific dataset and the machine learning
algorithm being used, but some common steps include:

Removing stop words: Stop words are words that are commonly used
in a language but do not carry much meaning, such as “the”, “and”,
and “but”. Removing stop words can help to reduce the noise in the

data and improve the accuracy of the machine learning model.

Tokenization: Tokenization is the process of breaking down text into
individual words or phrases. This can be done using a variety of
techniques, such as word boundaries or regular expressions.

Stemming: Stemming is the process of reducing a word to its root form.
This can help to improve the accuracy of the machine learning model
by grouping together words that have similar meanings.

Lemmatization: Lemmatization is a more sophisticated form of stem-
ming that takes into account the grammatical context of the word.
This can help to further improve the accuracy of the machine learning
model.

Vectorization: Vectorization is the process of representing text data as
a numerical vector. This can be done using a variety of techniques, such
as word2vec models.

4.1.3. Data preparation for the multi-odal approach

The same preprocessing steps are applied to the dataset created to
test the multi-modal model as the ones applied to the training dataset.
This is important to ensure that the test dataset is preprocessed in the
same way as the training dataset, so that the model can generalize well
to unseen data. For image data, the preprocessing steps applied to the
test dataset typically include:

- Resizing the images to a consistent size, such as 48 x 48 dimen-
sions. This ensures that all images in the dataset are of the same
size and can be easily processed by the model.


https://www.kaggle.com/datasets/praveengovi/emotions-dataset-for-nlp
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Fig. 1. Overall proposed model architecture representation.

- Rescaling the pixel values to a specific range, such as 0-255. This
ensures that the pixel values are all in the same range and can be
easily compared by the model.

For text data, the preprocessing steps applied to the test dataset
typically include:

- Cleaning the data by removing any unnecessary words, such as
stop words. This step is vital because it helps to reduce the
amount of noise in the data and makes it easier for the model
to extract meaningful information.

- Using a pre-created word embedding space, such as a
150-dimensional word space, to determine the position of the
words in the text data. This allows the text to be represented in
a numerical format that can be used as input for the multi-modal
model.

By applying the same preprocessing steps to both the training and
test datasets, we can ensure that the model is trained on data that is
representative of the data it will encounter during testing. This helps
to improve the accuracy and performance of the model.

4.2. Model construction details

Modeling involves two primary components: crafting the model’ s
architecture and subsequently training or fitting it. An alternative
approach is to construct a conventional model. While traditional meth-
ods prove effective for specific tasks, they exhibit several limitations.
They typically yield inferior results when applied to various image
processing tasks, especially those entailing intricate patterns or image
variations. Furthermore, traditional methods struggle with processing
extensive datasets and are ill-suited for images with high resolutions
and complex features. To address this constraint, rather than opting for
a conventional model, a deep learning model was devised employing
the TensorFlow framework [22]. TensorFlow offers an array of pre-
built functions and tools tailored for constructing deep learning models,
particularly well-suited for image processing tasks. In crafting the
model’ s architecture, the sequential model was employed—a linear
stack of layers [23]. Depending on the image complexity and the
task, layers such as convolutional layers, pooling layers, and fully
connected layers were incorporated into the model. Furthermore, the
model’ s performance and stability were enhanced through the batch
normalization process. After formulating the architectural framework,
the consequent phase entailed the training or fitting of the model. This
procedure encompassed the systematic input of images or textual data
into the model, subsequently fine-tuning the model’ s parameters to

mitigate the disparity between the predicted and actual output. This
optimization process was executed through the well-established method
known as backpropagation [24].

In this specific experimental work, a series of distinct models were
meticulously devised and utilized to enhance the accuracy and ef-
fectiveness of emotion analysis from human facial expressions. These
models were meticulously crafted and refined, each with unique archi-
tectural features and parameters, to yield improved prediction rates and
robust performance in facial emotion analysis. The subsequent sections
will delve into the intricacies of these individual models, elucidating
their design principles with strategies and their respective contributions
to advancing the state of emotion analysis from human faces.

4.2.1. Image data model

The image model operates on a meticulously preprocessed dataset,
which undergoes a series of essential preprocessing steps, including
extraneous data removal and uniform resizing to a standardized res-
olution of 48 x 48 pixels. This process also categorizes the images,
resulting in a dataset comprising 23,308 photographs earmarked for
the training phase. For instance, a randomly picked example of resized
images in the dataset is shown in Fig. 2.

To further elaborate on the architecture of the image model, we
employed a sequential CNN model comprising three convolutional
layers, each followed by a max-pooling layer for downsampling. The
convolutional layers utilized ReLU activation functions and employed
filters with sizes of 32, 64, and 128, respectively. Subsequently, a
flattened layer converted the multi-dimensional feature maps into a
one-dimensional vector, fed into a dense layer with 128 neurons and
ReLU activation. The final layer of the image model was a dense layer
with five neurons and a softmax activation function to predict the
five emotion categories. During training, the Adam optimizer with a
learning rate of 0.001 was employed, and the model was trained for
five epochs with a batch size of 32. Plus, an early stopping mechanism
was implemented to prevent overfitting.

4.2.2. Textual data model

As demonstrated in the provided illustration in Fig. 1, a textual
dataset has been meticulously curated, undergoing prior preparation
and division into distinct test, train, and validation subsets, mirror-
ing the structure of the image dataset. Similarly, this textual dataset
encompasses data associated with five distinct emotions.

The initial phase of data processing comprises pre-processing steps,
where all words within the textual content are systematically converted
to lowercase, and extraneous articles such as “a an”, and “the”

» o«
>
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Fig. 2. n example picture drawn from the preprocessed dataset.
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Fig. 3. A sample embedding space for the word “love”.
W, w, W, D of fully connected dense layers [26,27]. Furthermore, the categories
— 1 [ 7] 7 [ ] have been numerically encoded through the LabelEncoder method
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As visually depicted in Fig. 1, our proposed multi-model incorpo-
rates two distinct input pathways—one for handling image data and
W, Ww,, W, WitWy,t. 4 W, the other for processing textual data. Both of these input channels
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Fig. 4. The representation of the average word embeddings calculation formula.

are removed. Plus, significant efforts were devoted to constructing
a word embedding space, involving the configuration of parameters
including a window size of 5, continuous bag-of-words algorithm, and
an embedding dimension of 150 via the utilization of the Word2Vec
model architecture [25]. The Word2Vec model represents a family of
shallow neural network models that efficiently learn distributed vector
representations of words by capturing their semantic relationships
and context within the text. To provide a solid example, the spatial
representation of the word “love” in this embedding space is shown in
Fig. 3.

The primary aim underlying the creation of this embedding space
is to furnish numerical representations for individual words. This ap-
proach facilitates the computation of a sentence’ s position within the
expansive 150-dimensional embedding space by calculating the average
of the word embedding representations contained by the sentence. This
mathematical calculation is presented in Fig. 4.

Once the averages have been computed, they are subsequently input
into an Artificial Neural Network (ANN) model exclusively composed

undergo a series of pre-processing stages to ensure proper formatting,
preparing the image and text data for subsequent feature extraction.
Notably, the pre-trained image and text models are configured as non-
trainable, meaning that their weights and parameters remain static
throughout the model’s subsequent training phase. The image and text
data are then individually processed through their respective models
by extracting relevant features unique to each modality. Following this
step, the resulting feature vectors are concatenated into a unified vector
representation.

The concluding step involves the utilization of a dense layer with
a softmax activation function, facilitating predictions across five pos-
sible categories. This design renders the model suitable for multi-class
classification tasks. The amalgamation of both image and text modal-
ities within this composite architecture epitomizes a flexible strategy
for harnessing diverse data types in the realm of machine learning
applications. This approach holds the promise of enhancing predictive
performance, showcasing the adaptability of our model in addressing a
variety of classification tasks involving multiple categories.

5. Results & discussion

Our research delved into a comprehensive examination of the per-
formance enhancements achieved through the implementation of our
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Table 1
Performance scores of the image-only and multimodel fusion models.
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Class Performance Metrics
Precision Recall F1-score
angry 0.15 0.23 0.18
fear 0.25 0.10 0.14
Individual Class Metrics happy 0.73 0.73 0.73
sad 0.39 0.58 0.47
Image-only Model Results surprise 0.67 0.20 0.31
. macro avg 0.44 0.37 0.37
Overall Average Metrics weighted avg 0.56 0.53 0.52
Accuracy 0.53
angry 0.22 0.15 0.18
fear 0.25 0.20 0.22
Individual Class Metrics happy 0.74 0.82 0.78
. . sad 0.32 0.50 0.39
Multimodel Fusion Results surprise 0.67 0.20 0.31
. macro avg 0.44 0.37 0.37
Overall Average Metrics weighted avg 0.56 0.57 0.55
Accuracy 0.57

proposed multi-modal fusion architecture. To observe the model’s ef-
fectiveness, we meticulously subjected the test dataset, sourced from
Twitter, to rigorous evaluations using both the image-only (base) model
and the proposed multi-modal architecture. Distinctly, the base image-
only model underwent training solely on image data, while the multi-
modal counterpart underwent training on both image and text data.
The discerned outcomes of this evaluation, encapsulated essential per-
formance metrics, such as precision, recall, Fl-score, and accuracy,
have been systematically tabulated in Table 1 for elucidation and
in-depth analysis.

The image-only model exhibits varied precision scores across dif-
ferent emotion categories. It performs relatively well in classifying
“happy” emotions with a precision of 0.73, indicating a solid ability
to correctly identify happy expressions. However, it struggles to distin-
guish “angry” and “fear” emotions, with precision scores of 0.15 and
0.25, respectively, suggesting a higher rate of false positives in these
categories. However, the multi-modal fusion model demonstrates im-
proved precision scores compared to the image-only model. It achieves
a precision of 0.74 for “happy” emotions, showcasing its ability to
accurately classify happy classes. Additionally, it maintains precision
scores above 0.20 for “angry”, “fear”, and “surprise” emotions.

Regarding the recall metric, the model effectively captures “happy”
emotions with a score of 0.73, reflecting its ability to detect the
most happy expressions. Nevertheless, it faces challenges in identifying
“fear” and “surprise” emotions, with recall scores of 0.10 and 0.20,
respectively, indicating a notable number of false negatives. Unlike the
image-only model, the proposed multimodel exhibits favorable recall
rates for most emotion categories. Notably, it attains a recall of 0.82
for “happy” emotions, indicating its proficiency in correctly identifying
instances of happiness. However, it still faces challenges in “angry”
and “fear” emotion detection, with recall scores of 0.15 and 0.20,
respectively.

Concerning the Fl-score comparison, the Fl-scores for the image-
only model display a balance between precision and recall. It achieves
the highest F1-score of 0.73 for “happy” emotions, signifying a substan-
tial harmonic mean of precision and recall. However, the F1 scores are
0.18 and 0.14 for “angry” and “fear” emotions, respectively, indicating
much room for improvement. On the other hand, the F1 scores for the
multi-modal fusion model demonstrate a well-balanced performance. It
achieves an F1-score of 0.78 for “happy” emotions, indicating a robust
trade-off between precision and recall. While it performs better than
the image-only model in most categories, there needs to be the same
improvements in “angry” and “fear” emotion classification.

In addition to evaluating the performance of individual emotion
categories, macro, and weighted averages can provide comprehensive

insights into the overall classification effectiveness of both the image-
only and multi-modal fusion of image and text data models. The point
is that macro averaging calculates the average of the precision and
recall scores for each emotion category, regardless of their prevalence
in the dataset, while weighted averaging calculates the average of the
precision and recall scores for each emotion category, weighted by their
prevalence in the dataset. This definition means that more prevalent
classes have a superior impact on the overall average, which can be
meaningful for evaluating the model on the most common categories.

The macro average for precision, recall, and F1-score hovers around
0.44, 0.37, and 0.37, respectively. This outcome indicates a balanced
evaluation of model performances across all emotion categories, with
neither positive nor negative biases. The consistent macro average
values suggest that the models exhibit a relatively similar level of per-
formance across different emotions. Unlike the macro average scores,
the weighted average accounts for class imbalances by considering the
number of instances in each emotion category. For both models, the
weighted average for precision, recall, and Fl-score is higher than the
macro average, hovering around 0.56, 0.57, and 0.55, respectively.
These results signify that the models perform better when evaluated
with consideration of class frequencies. The higher weighted average
scores indicate that the models excel in classifying the more prevalent
emotions in the dataset, such as “happy”. However, they still encounter
challenges in classifying less frequent emotions, such as “angry” and
“fear”. While the multi-modal approach demonstrated a modest overall
improvement, the relatively low accuracy in classifying “angry” and
“fear” highlights challenges in distinguishing subtle emotional expres-
sions. The reason is likely due to a combination of factors, including
the inherent ambiguity of these emotions and potential limitations in
the dataset’s representation of these specific affective states.

Considering the overall accuracy performance metric, it becomes
evident that the multi-modal Fusion model outperforms the image-only
model. The image-only model achieves an overall accuracy of 0.53, in-
dicating its ability to correctly classify emotions in 53% of the instances
within the test dataset. In contrast, the multi-modal fusion model
demonstrates a slightly higher overall accuracy of 0.57, signifying a
modest yet discernible improvement over its single-modal counterpart.
This enhanced accuracy proves the advantages of leveraging image and
text data modalities by reaffirming the potential for more robust and
accurate multi-class emotion classification results.

When we evaluate the model performance using the confusion
matrix as illustrated in Fig. 5, the model exhibited high precision and
recall for the “happy” emotion (74% and 82%, respectively, F1-score:
78%), indicating strong performance in this category. Conversely, per-
formance was significantly lower for “angry”, “fear”, “sad”, and “sur-
prise”, which suggests challenges in distinguishing between these emo-
tions. The uneven performance across emotion categories indicates a
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Fig. 5. The confusion matrix of the multi-model configuration.

need for targeted improvements to address the model’s limitations in
distinguishing between these more ambiguous emotional states.

It is also important to note that our evaluation primarily focused
on assessing the performance of our proposed method on a self-built
dataset curated from Twitter. This dataset was specifically designed
to reflect the real-world scenario of images with associated textual
descriptions, commonly found on social media platforms. While com-
parisons with existing methods on publicly available datasets are valu-
able, such comparisons might not be directly applicable in this context
due to potential differences in emotion labels, modalities, and dataset
characteristics. Our controlled comparison with a baseline image-only
model provides clear evidence for the effectiveness of incorporating
textual information for sentiment analysis in this specific scenario.

6. Conclusion

In this experimental investigation, our focus was directed toward
evaluating the effectiveness of two distinct models employed in multi-
class emotion analysis: the image-only model and the multi-modal
fusion model, which seamlessly integrates both image and text data.
Our thoroughgoing examination encompassed a spectrum of perfor-
mance metrics, including precision, recall, F1-score, accuracy, and their
macro and weighted averages. The findings brought to light the clear
superiority of the multi-modal fusion model, manifesting significant
improvements over its image-only counterpart across various evalua-
tion criteria, including precision, recall, F1 score, and overall accuracy.
Remarkably, the multi-modal fusion model demonstrated exceptional
proficiency in precisely classifying “happy” emotions, underscoring its
ability to achieve a well-balanced performance across diverse emotion
categories. This in-depth analysis contributes valuable insights into
the efficacy of multi-modal approaches in enhancing emotion analysis,
which emphasizes the multifaceted advantages of integrating both
image and text data for more robust and accurate outcomes.

In conclusion, the proposed multi-modal fusion model, empowered
by the collective strengths of both image and text data modalities,
stands out as the most suitable option for conducting multiclass emo-
tion analysis. Nevertheless, it is imperative to recognize the persistent
endeavors aimed at achieving further enhancements in performance,
especially when less prevalent emotions are concerned. This study not
only highlights the considerable potential of multi-modal approaches

in propelling the field of emotion analysis forward but also indicates
promising directions for future research initiatives and optimization
endeavors. The outcomes underscore the dynamic nature of emotion
analysis which rests on the foundation for ongoing exploration and
refinement in this ever-evolving domain.

7. Limitations & future directions

This study’s findings are subject to certain limitations stemming pri-
marily from the characteristics of the datasets employed. While publicly
available, the image dataset may not fully represent the diversity of
real-world scenarios. Similarly, the textual data, though comprehen-
sive, might not perfectly capture the nuanced complexities of human
emotional expression in all contexts. These limitations warrant consid-
eration when interpreting the results. The potential future directions
for further improvements are listed below.

- Exploration of alternative model architectures: One future
research could investigate the performance of alternative deep
learning architectures, such as transformers or more sophisticated
hybrid models incorporating attention mechanisms, for enhanced
multi-modal fusion and improved emotion classification accu-
racy. This approach would involve exploring architectures capa-
ble of better handling the complexities of visual and textual data
integration.

Investigation of larger and more diverse datasets: The current
study utilized a specific dataset with certain limitations. Another
promising future direction should focus on expanding the scope
of the dataset to encompass an increased sample size and greater
diversity in terms of image and text modalities. Integrating data
from various sources and representing a broader spectrum of
emotions would contribute to a more robust and generalizable
model.

Incorporation of additional modalities: This study focused on
a bimodal approach combining visual and textual information.
Further research could investigate the potential benefits of in-
corporating additional modalities, such as audio data (e.g., tone
of voice, background sounds) or physiological signals (e.g., heart
rate, skin conductance). This multi-modal fusion approach could
capture a richer representation of emotional states and lead to
more accurate emotion classification.
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