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Abstract—Emotion Al is a research domain that aims to un-
derstand human emotions from visual or textual data. However,
existing methods often ignore the influence of cultural diversity
on emotional interpretation. In this paper, we propose a multi-
modal deep learning model that integrates cultural awareness
into emotion recognition. Our model uses images as the primary
data source and comments from individuals across different
regions as the secondary data source. Our results show that our
model achieves robust performance across various scenarios. Qur
contribution is to introduce a novel fusion approach that bridges
cultural gaps and fosters a more nuanced understanding of
emotions. Due to the best of our knowledge, few works are using
this approach, for Emotion AI, combining different types of data
sources and models. We evaluate our model on the ArtELingo
dataset, which contains image-comment pairs with Chinese,
Arabic, and English annotations. The experimental results in
the evaluation phase demonstrate an impressive 80% recognition
accuracy for the model that merges image-text features.

Index Terms—Emotion Recognition, DeepFeature Extraction,
Image Representation, Text Representation

I. INTRODUCTION

Artificial Intelligence (AI) has made significant progress in
recent years. Al-enabled emotion, known as Emotion Al, is
a pivotal and formidable research domain, as it has essential
applications in developing services for human interaction and
analysis. Emotion Al encompasses two distinct fields: Human-
Computer Interaction (HCI) and Affective Computing, which
use different methodologies to determine the emotions of
individuals from visual or textual data, such as images, actions,
texts, or videos [[1]. The ability to understand human emotions
based on their expressions is vital for creating systems that
can communicate and interact with humans effectively [2].
This goal aligns with the vision of endowing computers with
human-like attributes, which has attracted substantial attention
in recent years to enhance emotional awareness in human-
computer communication [3].

Recent studies predominantly employ Machine Learning
(ML) and Deep Learning (DL) models for emotion recogni-
tion, leveraging their ability to extract significant patterns and
features from input data and learn to adeptly detect emotions.
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This task extends across various data types, encompassing
images (primarily facial expressions), texts for sentiment anal-
ysis, videos, speech signals, and physiological signals pertinent
to healthcare applications [4]. Previous studies have explored
diverse sources of information, reflecting the multi-modal
nature of human expression. Notably, some have adopted an
integrative approach, combining information from different
sources to enhance the accuracy and efficacy of emotion
recognition systems [5]—[9].

Existing work on emotion recognition has overlooked the
intricate influence of diverse cultures and backgrounds on
the interpretation of emotions [10], leading to an oversim-
plification of the problem. For instance, consider a painting
depicting a religious ritual specific to a particular region.
Individuals from that cultural milieu might typically manifest
emotions closely linked to the associated religious practices
upon viewing the artwork. However, individuals from differing
cultural backgrounds might exhibit varied emotional responses
influenced by the content or artistic style of the piece. This
example underscores the nuanced and multifaceted nature of
emotional reactions, shaped significantly by an individual’s
history and cultural context. It highlights the necessity to move
beyond the homogenization of emotional interpretation and
emphasizes the crucial role of cultural diversity in shaping
emotional perceptions and expressions across different stimuli.

To overcome the limitations inherent in current methodolo-
gies, we propose the integration of cultural awareness into
deep learning models for emotion recognition. Our approach
utilizes images as one primary data source and introduces
cultural nuances through corresponding comments from in-
dividuals across diverse regions as a secondary data source.
This innovative model demonstrates robust performance across
various scenarios. Our experiments are conducted on the
ArtELingo dataset [11], a rich repository comprising image-
comment pairs encompassing Chinese, Arabic, and English
annotations for each image within the dataset. This compre-
hensive dataset empowers our model to effectively address and
surmount the challenges posed by multicultural differences in



emotional interpretation.

The main contribution of this work is to introduce a multi-
modal deep learning model for emotion recognition, by seam-
lessly incorporating both visual images and textual sources,
accounting for cultural variations, fostering a more nuanced
understanding of emotions. This fusion approach allows us to
bridge cultural gaps, offering a promising avenue for enhanced
accuracy and generalization in emotion recognition systems.
The rest of the paper is organized as follows: Section II
explains related works, section III introduces the proposed
method, section IV discusses our experiments and results, and
Section V concludes the paper.

II. RELATED WORK
A. Multimodality

Previous studies have addressed emotion detection across
diverse modalities, including texts, images, and videos. Within
this domain, studies can be categorized based on the specific
source of data they have worked on. Some studies have
focused on emotion detection from textual data, where natural
language processing techniques are employed to analyze the
sentiment and emotional content of written text. These studies
propose various machine learning algorithms and deep learn-
ing models to accurately classify emotions such as happiness,
sadness, anger, and fear.

On the other hand, some studies have explored emotion
detection from visual sources, such as images and videos.
These studies employ computer vision techniques to extract
visual features and analyze facial expressions, body language,
and other visual patterns to infer emotions. Convolutional
neural networks (CNNs) [12]], [13]], are commonly used in
this context to achieve high accuracy in emotion classification.
Furthermore, recent studies aim to combine both textual and
visual information for a more comprehensive understanding of
emotions. These studies leverage multimodal fusion techniques
to integrate textual and visual features, enabling a more robust
and accurate emotion detection system.

1) Text-based Emotion Detection: Related studies have ad-
dressed emotion detection from textual data, employing natural
language processing techniques to semantically analyze texts.
[14]-[16] have specifically focused on the analysis of tweets
collected during SemEval2018 challenge [17], recognizing that
tweets often provide valuable patterns for classifying thoughts
and emotions. In a similar vein, [[18]], [19] detected emotions
within datasets comprising textual data. Their efforts aim
to harness the inherent emotional expressions within textual
materials, contributing to a comprehensive analysis in the field
of emotion detection.

2) Multi-source based Emotion Detection: While earlier
studies concentrated solely on text sources, recent related
works have embraced a more comprehensive approach by
incorporating images alongside textual data. This multifaceted
methodology aims to attain more generalized results in the
analysis of emotions, recognizing the complementary nature of
visual and textual patterns in understanding and categorizing
emotional expressions. Notably, two inspiring papers in this

field are CLIP [[13]] and ArtEmis [[11]. CLIP utilizes a vision-
language transformer architecture, combining a vision trans-
former (ViT) and a language transformer with a contrastive
learning objective. The model learns a shared representation
space for images and text, enabling semantic understanding
across modalities. Trained on a large-scale dataset, CLIP’s
embeddings allow it to generalize to diverse tasks without task-
specific training. Besides CLIP, ArtEmis curated a dataset by
gathering images from renowned artwork available on WikiArt
[20] and annotating them with English descriptions, enabling
the detection of emotions from these images. CLIP has also
introduced a state-of-the-art model for emotion detection based
on images and texts. Expanding beyond text and images,
some related studies have explored the inclusion of voice or
dialogues to achieve a more comprehensive understanding of
multimodal data [21]], [22].

B. Multilinguality

Another approach to categorize related work on emotion
detection is based on the language diversity of the texts [23]].
Initially, studies have concentrated on analyzing emotions
solely with monolingual English texts [24], [25]. However,
the recognition of biases stemming from cultural differences
has proved the necessity of balanced datasets that encompass
diverse cultures [26], [27]]. To facilitate the development of
multilingual emotion detection models, there has been em-
ployment of techniques such as machine translation and cross-
lingual transfer learning. These methods enable the transfer of
knowledge and insights gained from one language to another,
thereby enhancing the performance and generalization of the
models [28]].

Moreover, the availability of large-scale multilingual
datasets has significantly contributed to the advancement of
research in this area. These datasets encompass texts from
various languages, enabling researchers to train and evaluate
their models on a diverse range of linguistic data [29], [30].
By focusing on multilingual datasets, [28]] aims to create more
robust and unbiased emotion detection Al models that can be
applied across different languages and cultures. This approach
not only improves the accuracy and reliability of emotion
detection models but also ensures their applicability in real-
world scenarios involving diverse populations.

1) Monolinguals: This language-centric approach was ev-
ident in benchmark studies such as ArtEmis, which primarily
concentrated on emotion detection within the English language
context and corresponding images. Similarly, [16], [31] also
dedicated their research to a single language.

2) multilinguals: In the domain of multilingual approaches
to emotion extraction, a notable contribution is highlighted in
[28] titled ArtELingo. This research serves as a pivotal founda-
tion and inspiration for the current study. ArtELingo extends
the ArtEmis dataset by including annotations in Chinese and
Arabic, in addition to English. This augmentation significantly
enhances the generalization of the model, emphasizing the
importance of incorporating multiple languages in emotion
extraction research.
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Fig. 1. The proposed architecture for culturally-aware emotion recognition.

This shift in focus aimed to address the diversity of lan-
guages and cultures, acknowledging that emotions are ex-
pressed differently across various linguistic contexts [[19].

III. PROPOSED METHOD

Deep neural networks exhibit remarkable versatility, extend-
ing their utility beyond the scope of their primary training
objectives. Within the realm of model development, a prevalent
strategy involves leveraging pre-trained models from the same
domain to facilitate the training of new models. To illustrate, a
pre-trained model initially designed for an image classification
task can be repurposed to detect objects in an image. Similarly,
pre-trained text models find application in diverse natural
language processing tasks such as sentiment analysis or text
generation.

However, addressing multimodal tasks introduces a dis-
tinct challenge, necessitating data integration from multiple
domains. In our research of emotion recognition within a
multicultural context, the complexity arises from the interplay
of images and captions. This scenario mandates the utilization
of pre-trained models capable of effectively processing data
from diverse domains, facilitating an integrated approach to
address the intricacies inherent in multimodal tasks.

Effectively tackling the challenges inherent in this task
necessitates a thorough comprehension of the inherent char-
acteristics of both images and text, as well as the nuanced
interplay of contextual features and concepts encapsulated in
their respective captions. Mere reliance on features extracted
from images and text proves insufficient; rather, the task
mandates a capacity to seamlessly integrate these extracted
features across both domains. Given the complexity of the

problem, a multidimensional approach is essential, one that
carefully considers the intricate nature of the data involved.

Similar to the model presented in [32]], our proposed model
adopts a similar architecture featuring two branches of en-
coders. These encoders are designed to effectively map both
image and text data into their respective latent space. The
methodology we propose involves training dedicated models
for each data type (image or text) to ensure an accurate
representation of their distinctive features.

The primary model we employ consists of three distinct
sections, as depicted in Figure [T} The initial section, signi-
fied by the yellow box, embodies our text model, which is
transformer-based. The prime objective of this section is to
receive caption texts as input and extract latent features that
represent the essential contextual information within the text.
We train this model exclusively for emotion recognition, to
acquire a representation that is effective for classification.

The second section, as illustrated by the blue box in
Figure |I|, refers to our image model, which is based on
Convolutional Neural Networks (CNNs).

In the first step of our process, we attempt to adjust the
latent spaces and domains. Adjusting features is crucial in
determining the requisite amount of each latent for precise
predictions regarding each input. To achieve this, we employ
the linear combination technique, which yields a final latent
representation suitable for our ultimate task. The primary
advantage of this approach is that the combined latent captures
content from textual and visual data. The process is illustrated
in Figure [T} highlighted within the green box. This combina-
tion is defined as:
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Fig. 2. Some artworks and annotations from ArtELingo [20].

Combined_latent = (w1 - Imagey) + (ws - Texty) (1)

Where w; and 1w, are weighting factors determined
through experimentation and validation, and Image; and
Texty are features extracted from image and text, respectively.
This linear combination ensures that the strengths of both
modalities are appropriately weighed and contribute synergis-
tically to the integrated representation. The whole combination
process is presented in Figure [T}

It is crucial to understand that the entire process is trainable.
The model can independently determine the weight allocation
of each latent during the linear combination. This trainable
aspect is essential because it permits the model to adjust
and determine the importance of various attributes within the
latent spaces of both textual and visual data. As a result,
the model can accurately capture pertinent information for
emotion recognition and enhance its performance based on
the intricacies of the assigned task. This adaptability is a
significant advantage that enables the model to perform well
with varied inputs and tasks.

Finally, fully connected layers are utilized to distill emo-
tional information from the input data. The model generates
a probability score, ranging from one to zero, to signify the
likelihood of specified emotions occurring in the input data.

IV. EXPERIMENTS

The proposed framework evaluated multilingual annotated
images. To this end, a publicly available dev set of the
ArtELingo dataset, which contains 1.2 million annotations on
80k artworks of Wikiart, is employed. The Wikiart dataset
included famous paintings classified into 27 different art
styles, such as Impressionism, Romanticism, Symbolism, Min-
imalism, etc. For multilingualism, ArtELingo provided rich
annotations in 3 languages, English, Arabic, and Chinese,
adding almost 75k utterances to the monolingual and English-
only Artemis dataset. Moreover, 4.8k annotations are provided
in the test set for evaluation to measure how well-generalized
models are based on their performance on unseen language
formats. The tokens used in annotation have been extracted
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Fig. 3. The number of each emotion class over all annotations

and provided by the dataset for further text processing. In
addition to more than 15 annotations per painting on aver-
age, ArtELingo has a grounding emotion per annotation, all
mapped to their corresponding key from O to 9. There are nine
distinct emotional states, including positive emotions namely
amusement, awe, contentment, and excitement, and negative
emotions like anger, disgust, fear, and sadness. Additionally,
there is a separate category for neutral or contradictory emo-
tions, referred to as something else. Upon closer examination,
the development set contained 1101841 annotations, of which
926055 were utilized for training, while the test and validation
sets comprised 94083 and 46936 samples, respectively, some
of the dataset items depicted in [2|

On the other hand, the languages of annotations have a
noticeable uniform distribution since each language has almost
30 percent of total annotations. English with 386412 and
Chinese with 383266 annotations, followed by Arabic with
332163 annotations, are the languages used for annotating
these pictures. Statistics from ArtELingo detail that positive
emotions are the dominant cluster since they consist of 725069
artworks. In contrast, negative emotions were picked for
284756 paintings, and the rest were labeled with something
else.

The proposed framework undergoes training via multi-label
classification on the image model. Given that multiple labels
may apply to each image, the model is trained correspondingly
for multi-label classification. The image model backbone is



TABLE I
THE EVALUATION OF THE IMAGE MODELS ON THE ARTELINGO DATASET

Model/Accuracy | Train ACC | Validation Acc
ResNet50 0.711386 0.698935688
VGG 0.717367 0.706483998
VIT 0.702534 0.687801932

chosen from the VGG, ResNet50, and VIT models. The
outcomes are detailed in table [ As illustrated in the table,
the VGG model, pre-trained on the image-net dataset, achieved
accurate convergence on the emotion recognition training set
and received the highest evaluation score on the validation set.
As aresult, the VGG model trained on the emotion-recognition
trainset is selected to extract visual features from images and
adjusted within the final model.

The subsequent phase entails the development of a text
classification model utilizing cutting-edge transformer models
that deliver exceptional results in the field of Natural Language
Processing. This model has been trained to understand emo-
tions expressed in image captions. It works like a classifier,
assigning each caption to a specific emotion. The number of
emotions present in each data sample can be viewed in Figure
4. Following the model’s training for emotion recognition
captions, the feature extraction backbone is utilized to extract
text features in the emotion recognition model.

The final step of the process involves combining the features
obtained from both the image and text models. This com-
bined feature set is then used to train a model for emotion
recognition. The resulting model takes input from both the
image and caption features to ensure accurate results. A
diagram of the training and evaluation process can be found
in Figure 5. The graph in the figure shows that the classifier
model converged well on the merged image-text features and
achieved an evaluation accuracy of nearly 80%.

V. CONCLUSION

In this paper, we aimed to develop a multi-modal deep
learning model that integrates cultural awareness into emotion
recognition from visual and textual data. We proposed a
novel fusion approach that combines image and text features,
accounting for cultural variations in emotional interpreta-
tion. We evaluated our model on the ArtELingo dataset,
which contains image-comment pairs with Chinese, Arabic,
and English annotations. Our results showed that our model
achieved a promising accuracy of 80% on the test set in
this domain. Our contribution is to introduce a more nu-
anced and comprehensive understanding of emotions, bridging
cultural gaps and enhancing emotional awareness in human-
computer communication. Our research has implications for
developing services that can interact with humans effectively
across different regions and languages. However, our research
also has some limitations, such as the reliance on a single
dataset, the lack of generalization to other data types, and
the potential ethical issues of emotion recognition. Therefore,
we suggest future research to explore other sources of data,
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Fig. 4. The progress of training and evaluation of the proposed method

such as speech, video, or physiological signals, to extend the
applicability and robustness of our model.
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