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Abstract: Research on uni-modal sentiment analysis has achieved great success, but emotions in real
life are mostly multi-modal; there are not only texts but also images, audio, video, and other forms.
The various modes play a role in mutual promotion. If the connection between various modalities
can be mined, the accuracy of sentiment analysis will be further improved. To this end, this paper
introduces a cross-attention-based multi-modal fusion model for images and text, namely, MCAM.
First, we use the ALBert pre-training model to extract text features for text; then, we use BiLSTM to
extract text context features; then, we use DenseNet121 to extract image features for images; and then,
we use CBAM to extract specific areas related to emotion in images. Finally, we utilize multi-modal
cross-attention to fuse the extracted features from the text and image, and we classify the output to
determine the emotional polarity. In the experimental comparative analysis of MVSA and TumEmo
public datasets, the model in this article is better than the baseline model, with accuracy and F1
scores reaching 86.5% and 75.3% and 85.5% and 76.7%, respectively. In addition, we also conducted
ablation experiments, which confirmed that sentiment analysis with multi-modal fusion is better
than single-modal sentiment analysis.

Keywords: multi-modal sentiment analysis; ALBert; CBAM; DenseNet121; deep learning; feature
extraction

1. Introduction

With the rapid development of social media, there are more and more data covering
multi-modal social interaction, both domestic, such as via Weibo and Tieba, and foreign,
such as via Twitter and Flickr. Sentiment analysis obtains people’s views, opinions, atti-
tudes, and emotions by analyzing text [1], audio, video [2], and images [3]. For example,
product-based sentiment analysis [4] can judge users’ emotional tendencies towards prod-
ucts and brands, and companies can use this information to improve product quality and
brand image, so it is favored by many consumers and e-commerce websites. Social media
sentiment analysis [5] can assist the government in comprehending public opinions or
stances regarding significant events or trending topics.

However, in real life, information is often not uni-modal, and text and images generally
appear in pairs. Therefore, integrating multi-modal data, such as images and text, for
sentiment analysis is a challenging task and a popular research topic. As shown in Table 1,
several groups of social data on Twitter come from the dataset MVSA, including images and
their corresponding text descriptions. From the table, we can see that due to the different
data forms, the images and their corresponding texts may express the same sentiment or
different sentiments.

For example, in the first set of data, we can see that the facial expression of the person
in the image is smiling, and their emotion is positive. In addition, the word “Ecstatic” in
the text also obviously expresses positive emotion. Therefore, for data where the image
and text express the same emotion, they can complement each other, and the most accurate
prediction of the emotion can be effectively made by extracting the emotional words and
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emotional regions, respectively. In the second group, the smiling faces of the characters in
the images expressed positive emotions, but no words with obvious emotional tendencies
were found in the text. The images played a leading role in the overall emotions. In the
third set of data, a bottle of beer is shown in the image. We cannot mine its emotional
tendency from the image, but the meaning of the word “ebullient” in the text expresses
positive emotions, so the text plays a leading role in predicting the overall emotion. For this,
we need to learn the overall emotional orientation of combining text and image content.

Table 1. Twitter social data.

Image Text Image Sentiment Text Sentiment
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Multi-modal sentiment analysis has garnered increasing attention with the advance-
ment of research in this area. Different fusion methods can be categorized into three 
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prediction results. This paper’s primary contributions are as follows: 

Ecstatic to be holding
the first print copy of
Wind In Your Sails.

#biz #author

Positive Positive

Electronics 2024, 13, x FOR PEER REVIEW 2 of 23 

Table 1. Twitter social data. 

Image Text Image Sentiment Text Sentiment 

Ecstatic to be holding the 
first print copy of Wind 

In Your Sails. #biz 
#author 

Positive Positive

RT @FreddyAmazin: 
When someone insults 
you & they think you 

actually care 

Positive Neutral

This beer goes well with 
Ghost Bath’s 

‘Moonlover’. Some 
ebullient stuff going on, 
just wish the vox were 

cranked up. 

Neutral Positive

For example, in the first set of data, we can see that the facial expression of the person 
in the image is smiling, and their emotion is positive. In addition, the word “Ecstatic” in 
the text also obviously expresses positive emotion. Therefore, for data where the image 
and text express the same emotion, they can complement each other, and the most accu-
rate prediction of the emotion can be effectively made by extracting the emotional words 
and emotional regions, respectively. In the second group, the smiling faces of the charac-
ters in the images expressed positive emotions, but no words with obvious emotional 
tendencies were found in the text. The images played a leading role in the overall emo-
tions. In the third set of data, a bottle of beer is shown in the image. We cannot mine its 
emotional tendency from the image, but the meaning of the word “ebullient” in the text 
expresses positive emotions, so the text plays a leading role in predicting the overall emo-
tion. For this, we need to learn the overall emotional orientation of combining text and 
image content. 

Multi-modal sentiment analysis has garnered increasing attention with the advance-
ment of research in this area. Different fusion methods can be categorized into three 
groups: early fusion [6,7], intermediate fusion [8,9], and late fusion [10,11]. Early fusion is 
mainly achieved through feature extraction of multi-modal information and then through 
splicing, weighting, and other methods of fusion, but the fusion output may include a 
significant amount of redundant vectors, resulting in information redundancy and infor-
mation dependence, resulting in poor fusion effect. Intermediate fusion is mainly realized 
through the neural network, sharing the middle layer of the shared network during the 
fusion process. Late fusion trains each modality to choose the best fit for it, uses different 
classifiers to make predictions, and then performs decision fusion. However, late fusion 
cannot well coordinate the correlations among the various modalities. 

This paper presents a multi-modal sentiment analysis model that uses a cross-atten-
tion mechanism for image–text fusion. The proposed model leverages the complementa-
rity and relevance between images and texts. The main method is to use the attention 
mechanism to extract emotional regions and emotional vocabulary from images and texts; 
then, we use the cross-attention mechanism to perform feature fusion on the extracted 
emotional features; finally, the fused features are passed through a classifier to output 
prediction results. This paper’s primary contributions are as follows: 

RT @FreddyAmazin:
When someone

insults you & they
think you actually

care

Positive Neutral

Electronics 2024, 13, x FOR PEER REVIEW 2 of 23 

Table 1. Twitter social data. 

Image Text Image Sentiment Text Sentiment 

Ecstatic to be holding the 
first print copy of Wind 

In Your Sails. #biz 
#author 

Positive Positive

RT @FreddyAmazin: 
When someone insults 
you & they think you 

actually care 

Positive Neutral

This beer goes well with 
Ghost Bath’s 

‘Moonlover’. Some 
ebullient stuff going on, 
just wish the vox were 

cranked up. 

Neutral Positive

For example, in the first set of data, we can see that the facial expression of the person 
in the image is smiling, and their emotion is positive. In addition, the word “Ecstatic” in 
the text also obviously expresses positive emotion. Therefore, for data where the image 
and text express the same emotion, they can complement each other, and the most accu-
rate prediction of the emotion can be effectively made by extracting the emotional words 
and emotional regions, respectively. In the second group, the smiling faces of the charac-
ters in the images expressed positive emotions, but no words with obvious emotional 
tendencies were found in the text. The images played a leading role in the overall emo-
tions. In the third set of data, a bottle of beer is shown in the image. We cannot mine its 
emotional tendency from the image, but the meaning of the word “ebullient” in the text 
expresses positive emotions, so the text plays a leading role in predicting the overall emo-
tion. For this, we need to learn the overall emotional orientation of combining text and 
image content. 

Multi-modal sentiment analysis has garnered increasing attention with the advance-
ment of research in this area. Different fusion methods can be categorized into three 
groups: early fusion [6,7], intermediate fusion [8,9], and late fusion [10,11]. Early fusion is 
mainly achieved through feature extraction of multi-modal information and then through 
splicing, weighting, and other methods of fusion, but the fusion output may include a 
significant amount of redundant vectors, resulting in information redundancy and infor-
mation dependence, resulting in poor fusion effect. Intermediate fusion is mainly realized 
through the neural network, sharing the middle layer of the shared network during the 
fusion process. Late fusion trains each modality to choose the best fit for it, uses different 
classifiers to make predictions, and then performs decision fusion. However, late fusion 
cannot well coordinate the correlations among the various modalities. 

This paper presents a multi-modal sentiment analysis model that uses a cross-atten-
tion mechanism for image–text fusion. The proposed model leverages the complementa-
rity and relevance between images and texts. The main method is to use the attention 
mechanism to extract emotional regions and emotional vocabulary from images and texts; 
then, we use the cross-attention mechanism to perform feature fusion on the extracted 
emotional features; finally, the fused features are passed through a classifier to output 
prediction results. This paper’s primary contributions are as follows: 

This beer goes well
with Ghost Bath’s

‘Moonlover’. Some
ebullient stuff going
on, just wish the vox

were cranked up.

Neutral Positive

Multi-modal sentiment analysis has garnered increasing attention with the advance-
ment of research in this area. Different fusion methods can be categorized into three groups:
early fusion [6,7], intermediate fusion [8,9], and late fusion [10,11]. Early fusion is mainly
achieved through feature extraction of multi-modal information and then through splicing,
weighting, and other methods of fusion, but the fusion output may include a significant
amount of redundant vectors, resulting in information redundancy and information depen-
dence, resulting in poor fusion effect. Intermediate fusion is mainly realized through the
neural network, sharing the middle layer of the shared network during the fusion process.
Late fusion trains each modality to choose the best fit for it, uses different classifiers to
make predictions, and then performs decision fusion. However, late fusion cannot well
coordinate the correlations among the various modalities.

This paper presents a multi-modal sentiment analysis model that uses a cross-attention
mechanism for image–text fusion. The proposed model leverages the complementarity and
relevance between images and texts. The main method is to use the attention mechanism
to extract emotional regions and emotional vocabulary from images and texts; then, we
use the cross-attention mechanism to perform feature fusion on the extracted emotional
features; finally, the fused features are passed through a classifier to output prediction
results. This paper’s primary contributions are as follows:

1. For text data, initially, the ALBert pre-training model is utilized to convert text into
vectors; text context features are then obtained using BiLSTM.
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2. We first use the DenseNet121 network to extract features from the image, and then we
use the CBAM mechanism to obtain the corresponding emotional regions from two
aspects of channel and space.

3. For the acquired emotional vocabulary and emotional region features, the cross-
attention mechanism is used for feature fusion, and the resulting output is obtained
through a softmax classifier.

The paper is organized as follows: Section 2 reviews relevant prior research; Section 3
outlines the necessary theoretical foundations; Section 4 introduces the proposed model;
Section 5 presents experimental results and analysis; Section 6 provides a conclusion,
summarizes the findings, and proposes future research directions.

2. Related Work

This section reviews sentiment analysis, focusing on three distinct research objects.

2.1. Sentiment Analysis of Text

Text sentiment analysis has achieved great success and is widely used in public opinion
monitoring and product reviews. Text sentiment analysis research primarily concentrates
on three aspects: the sentiment dictionary method, the machine learning method, and the
deep learning method.

The method based on the sentiment lexicon obtains the sentiment value of the senti-
ment words in the document and then weights the calculation to determine the overall
sentiment tendency of the document. Zargari H et al. [12] proposes a sentiment lexicon
method using N-Gram is proposed, which incorporates global intensifiers to expand the
emotional phrase dictionary’s coverage. The method considers the relationship between
multiple intensifiers and emotional words. Xu G et al. [13] constructs a sentiment dictionary
that includes basic sentiment, scene sentiment, and polysemous words. The method utilizes
machine learning to extract features and output them into a classifier. Goel A et al. [14] em-
ploys the naive Bayesian algorithm for sentiment analysis. Rathor A S et al. [15] compares
three machine learning algorithms, SVM, NB, and ME, and achieves good classification
results. Deep learning has gained popularity as a text sentiment analysis method, similar to
its success in the domain of computer vision. Zhou X et al. [16] employs the long short-term
memory network (LSTM), which is utilized for sentiment analysis in various languages.
Sun C et al. [17] further improves the accuracy of the results by utilizing the pre-trained Bert
model. Miao et al. [18] proposes a CNN-BiGRU model that combines the convolutional neu-
ral network and the gating mechanism and achieves favorable outcomes. Yenduri et al. [19]
proposed a new customized BERT-type sentiment classification method, which consists of
two main phases—preprocessing and tokenization, as well as a classification method based
on the “Customized Bi-directional Encoder Representation Transformer (BERT)”—and
experimentally demonstrated the enhancement effect of the proposed model. Cauteruccio
F et al. [20] proposed a social-network-based model and topic analysis technology to study
the emotional aspects of e-sports viewing. The research method is universal and can study
the audience identity of e-sports from a heterogeneous perspective.

2.2. Sentiment Analysis of Images

Image processing is a prominent area of research in computer vision, and images can
bring more visual impact than text and contain richer semantic information. Therefore,
sentiment analysis of images has attracted more and more researchers’ interest.

Early sentiment analysis on images mainly focused on low-level features, such as the
shape and color of the image. This method mainly relied on people’s manual annotation,
and the effect was not good. As the research progressed, researchers discovered middle-
level properties of image sentiment analysis. Yuan J et al. [21] proposes an image sentiment
prediction framework that incorporates facial expression detection. D. Borth et al. [22]
propose visual entities or attributes as features for image sentiment analysis. However,
these middle-level attributes rely on extensive knowledge of psychology or linguistics and
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require human intervention to fine-tune the emotional prediction results, leading to less
accurate predictions. The advent of deep learning has brought about higher-level semantic
features that are widely used in image emotion analysis. He X et al. [23] introduces an
attention mechanism that focuses on areas related to emotion.

2.3. Sentiment Analysis of Image and Text Fusion

Multi-modal sentiment analysis has received more and more attention in recent years,
and it is also a very challenging research topic. Multi-modal sentiment analysis integrates
multiple fields, such as natural language processing, computer vision, and more, whereas
single-modal sentiment analysis does not. It is an interdisciplinary research area.

Based on the early fusion method, the feature extraction of various modal information
is first performed, and then the fusion is carried out via splicing, weighting, and other
methods. Wang M et al. [24] performs feature splicing by fusing text and images into
a unified bag of words to output the final representation. Zhang Y et al. [25] extracts
text features using binary representation and utilizes the interactive information method
to extract the underlying image features. The method performs binary classification on
the resulting similarity-based neighborhood classifier. Late fusion trains the data of each
modality separately, selects the most appropriate classifier, and outputs the final fused
result. Yu Y et al. [26] initially extracts image and text features independently using CNN.
The method then employs logistic regression to predict and analyze different emotions.
Finally, an average and weighted fusion strategy is utilized to perform the final emotion
prediction analysis. Kumar A et al. [27] proposes a hybrid deep learning model that initially
performs fine-grained analysis on multi-modal data and then utilizes a decision-level
multi-modal combination to classify and output the data. Xu J et al. [28] proposes a new
bidirectional multi-modal attention model to analyze the complementarity and correlation
between images and text at both levels.

3. Background
3.1. DenseNet Network

DenseNet (densely connected convolutional network) is a deep convolutional neural
network model proposed by Gao Huang et al. [29] in 2017. It uses the idea of dense connec-
tion to make the network have stronger feature transfer. In addition to its reusability, deep
learning can attain high accuracy by training very deep neural networks. In a traditional
convolutional neural network, the output of each layer is computed by convolving the
previous layer’s input using a nonlinear activation function.

Assuming that the input is an image X0, after an L-layer neural network, the i-th
layer’s nonlinear transformation is represented as Hi(∗), which can comprise several
functional operations, including BN, ReLU, Pooling, or Conv. The i-th layer’s output
feature is denoted as Xi.

In a conventional convolutional feed-forward neural network, the output Xi of the
i-th layer serves as the input of the i + 1 layer and can be represented as Xi = Hi(Xi−1).
However, ResNet introduces a bypass connection, which can be written as the following
Formula (1):

Xl = Hl(Xl−1) + Xl−1. (1)

A key benefit of ResNet is that it allows the gradient to flow through the identity
function to reach the previous layer. However, the use of addition to combine the identity
mapping and nonlinear transformation output in the layer stacking process can potentially
disrupt the information flow in the network. And DenseNet proposes the concept of dense
block. Each dense block contains several convolutional layers and a skip connection so that
the features of all the previous layers can be directly transferred to the subsequent layers,
thus forming a dense network. A dense block consists of several convolutional layers and a
skip connection, as shown in Figure 1 below.
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Figure 1. The computational process of the attention mechanism. DenseNet network dense link
mechanism (where C stands for channel-level connection operation).

In DenseNet, each layer’s input is the concatenation of all the preceding layer’s feature
maps generated within the same dense block. The output of layer (l − 1) is denoted as
Xl−1. As depicted in Figure 1, the input of the i-th layer depends on both the output of
the i− 1 layer and the output of all previous layers. The output of the l-th layer can be
expressed as follows using Equation (2):

Xl = Hl([X0, X1, · · · , Xl−1]). (2)

Among them, [] operator represents concatenation, that is, all output feature maps of
layers X0 to Xl−1 are combined by Channel. The nonlinear transformation function Hl(·)
used here is a combination of BN + ReLU + Conv(3 × 3).

Each convolutional layer’s input includes the output from all previous layers, and the
output will be directly passed to all subsequent layers. If the input and output dimensions
are different, it needs to be transformed by an additional convolutional layer so that the
input and output can be concatenated. The advantage of using dense blocks is that it can
make the network have stronger feature transfer and reuse capabilities, thereby improving
accuracy. In addition, skip connections can also make the network have stronger feature
reuse ability and generalization ability, which further improves the accuracy.

3.2. ALBert Pre-Trained Model

ALBert [30] (a little Bert) is a natural language processing model developed by Alibaba
DAMO Academy and based on the Bert model. The model is pre-trained for self-supervised
learning and can undertake various natural languages processing tasks, such as text classi-
fication, named entity recognition, question answering, and text generation.

The structure of ALBert is similar to that of Bert. It is composed of multiple transformer
modules. Each transformer module comprises a multi-head self-attention layer and a feed-
forward neural network layer. Different from Bert, ALBert uses cross-layer connections and
global pathways to enhance the ability of feature transfer and information flow, thereby
improving the efficiency and performance of the model.

The main advantages of ALBert over Bert are as follows:

1. More efficient training: ALBert uses two new training strategies. ALBert uses cross-
layer parameter sharing as a training strategy, which significantly reduces the number
of model parameters and simplifies the model training process. Sentence order
prediction enhances the model’s generalization ability and augments the training data.

2. Better performance: ALBert achieved better results than Bert in the GLUE (general lan-
guage understanding evaluation) benchmark evaluation task, indicating that ALBert
has better performance in natural language understanding tasks than Bert.

3. Better generalization ability: ALBert uses more sufficient pre-training, which can
better learn general language representation and thus has better generalization ability
in downstream tasks.
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4. More flexible model structure: ALBert provides a variety of different model structures
and hyperparameters, which can be adjusted flexibly according to specific applica-
tion scenarios.

In short, compared with Bert, ALBert has improved in terms of training efficiency,
performance, generalization ability, and model flexibility, so this paper chooses ALBert as
the pre-training model.

3.3. CBAM Attention Mechanism

CBAM (convolutional block attention module) is an attention mechanism module for
image recognition, proposed by Sanghyun Woo et al. [31] of the KAIST Machine Learning
Research Center in 2018. The CBAM module enhances the accuracy and robustness of
image recognition in convolutional neural networks by introducing spatial and channel
attention mechanisms.

Specifically, the CBAM module includes two attention sub-modules: the channel atten-
tion module and the spatial attention module. The channel attention module dynamically
adjusts the weights of various channels to enhance the model’s focus on essential features.
The spatial attention module is used to adaptively change the weights of different spatial
locations to enhance the model’s attention to important locations. Through the combination
of these two sub-modules, the CBAM module enables dynamic weight adjustment of both
channel and position within the feature map in an adaptive manner, thereby alleviating the
dependence on global features and improving the robustness and generalization ability of
the model.

CBAM takes an intermediate feature map F ∈ RC×H×W as its input and typically
consists of two operational stages. To generate channel attention MC ∈ RC×1×1, the input
undergoes global maximum and mean pooling by channel. The resulting one-dimensional
vectors are then sent to a fully connected layer and added together, and to obtain the
adjusted feature map F′, we multiply the channel’s attention with the input elements. Next,
we perform global maximum and mean pooling on F′ based on the spatial dimensions.
We concatenate the resulting two-dimensional vectors and apply a convolution operation
to generate a two-dimensional spatial attention MS ∈ R1×H×W . Finally, we multiply the
element-wise product of the spatial attention and F′ to obtain the adjusted feature map.
The specific process is shown in Figure 2. CBAM generates attention the process as follows:

F′ = MC(F)
⊗

F, (3)

F′′ = MS
(

F′
)⊗

F′. (4)

Among them, we use ⊗ to denote the element-wise multiplication of corresponding el-
ements. Before performing the multiplication operation, we broadcast the channel attention
and spatial attention based on the channel and spatial dimensions, respectively.
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4. Multi-Modal Sentiment Analysis Model Based on Cross-Attention Mechanism

Based on the above analysis, this paper proposes the multi-cross-attentive model
(MCAM), which is a multi-modal model capable of processing multiple types of data
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(such as text, images, audio, etc.). Traditional sentiment analysis models can only use one
or several data types for sentiment analysis and cannot make full use of the interaction
between different data types. MCAM, on the other hand, can process multiple data types
simultaneously, and it employs the cross-attention mechanism to learn the interaction
between diverse data types, enhancing sentiment analysis’s accuracy and robustness.

Figure 3 illustrates the architecture of the model proposed in this paper. First, we
utilize ALBert and DenseNet121 to extract vectorized features from text and images, re-
spectively; then, the text features are processed by BiLSTM to obtain the context features
containing emotional words, and the CBAM attention is obtained from the two aspects of
space and channel, respectively. In the area of emotional characteristics; the single-modal
attention mechanism considers the relationship within the modality, and the cross-attention
mechanism can consider the relationship between the two modalities, fully considering the
complementarity and relevance between different modalities. Utilizing the cross-attention
mechanism, we fuse the emotional features extracted from both text and images. The final
sentiment analysis result is then obtained using a softmax classifier.
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4.1. Image Feature Extraction

In an image, usually, certain regions can better reflect the emotional tendency of the
whole image. In these regions where the most emotional characteristics can be mined, the
results of sentiment analysis will be more accurate. You Quanzeng et al. [32] proposes
an attention mechanism to detect emotion-related local areas and creates an emotion
classifier based on these regions for image sentiment analysis. This paper utilizes the
pre-trained DenseNet121 network model to extract image features. CBAM attention is
then employed to extract the most emotional region in the image from both the spatial
and channel dimensions, enhancing the expressive capabilities of both overall and local
features. Figure 4 illustrates the image features extraction process.
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Let X = {X 1, X2, · · · , Xn} denote a dataset with n images. For each image Xi, we
use the DenseNet network to preprocess the image of the input layer. Next, the image
undergoes the CBAM attention mechanism, and its feature vector Ii, is extracted.

The feature map obtained by the i-th image after the j-th layer of convolution is
Fij =

{
F1j, F2j, · · · , Fnj

}
∈ RC×H×W , where C represents the number of channels, while H

and W denote the feature map’s length and width, respectively. F′ij is the resulting attention

feature map after applying attention weights. The attention weight α
j
i for the j-th feature

map of the i-th image can be computed using Formula (5), which is expressed as follows:

α
j
i =

{
Mc
(

Fij
)
, Ms

(
Fij
)}

. (5)

Mc
(

Fij
)

and Ms
(

Fij
)
, respectively refer, to the channel and spatial attention weights of

the j-th feature map of the i-th image.
Channel attention focuses on which feature on which channel is meaningful, specifi-

cally in terms of the contribution of each feature of the convolutional feature map to key
information. Formulae (6) and (7) compute the channel attention weight Mc

(
Fij
)

as follows:

Mc
(

Fij
)
= σ

(
MLP

(
AvgPool

(
Fij
))

+ MLP
(

MaxPool
(

Fij
)))

, (6)

Mc
(

Fij
)
= σ

(
W1
(
W0
(

AvgPool
(

Fij
)))

+ W1
(
W0
(

MaxPool
(

Fij
))))

. (7)

Here, σ is the sigmoid activation function; the weights W0 and W1 of the MLP
are shared between the two inputs and are followed by the ReLu activation function;
AvgPool(·) and MaxPool(·), respectively, calculate the mean and maximum feature values
within each feature map in a global manner.

The input feature map is represented by Fij ∈ RC×H×W . First, we obtain two feature
maps through global average and maximum pooling, with each result having a shape of
RC×1×1. Next, each of the two feature maps is fed into a two-layer fully connected neural
network that shares parameters. The next step is to add the two feature maps together,
utilizing the sigmoid function to obtain a weight coefficient between 0 and 1. Multiplying
the weight coefficient with the input feature map produces the final output feature map.

Spatial attention emphasizes the significance of specific features within a given space,
particularly the local regions of an image that contribute essential information. This process
effectively identifies areas within the image that warrant attention. Calculation of the
spatial attention weight, denoted by Ms

(
Fij
)
, is performed using the following Formula (8):

Ms
(

Fij
)
= σ

(
f 7×7([AvgPool

(
Fij
)
, MaxPool

(
Fij
)]))

. (8)

Among them, the σ activation function represents sigmoid, while the operation of
connection is denoted by [·]; the convolution operation, represented by f 7×7(·), assesses
the impact of critical information from distinct local regions of the feature map. The
convolution kernel size is 7 × 7; the average pooling function is denoted by AvgPool(·),
while the maximum pooling function is denoted by MaxPool(·).

The input feature map, denoted by Fij and having a shape of RC×H×W , undergoes
maximum and average pooling along a single channel dimension, resulting in two feature
maps of R1×H×W . The two feature maps are concatenated in the channel dimension,
resulting in a feature map of size R2×H×W , which is passed through a convolutional layer
to reduce it to 1 channel. The convolutional kernel, which maintains the size of H×W while
using a 7 × 7 filter, produces an output feature map of R1×H×W . The sigmoid function
generates a spatial weight coefficient, which is used to multiply the output feature map.
The final feature map is obtained by multiplying the input feature map with the spatial
weight coefficient. Formula (9) represents the calculation formula for the CBAM attention
feature map, as follows:

F′ij = Fij
⊗

Mc
(

Fij
)⊗

Ms
(

Fij
)
. (9)
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Among them, ⊗ represents the bitwise multiplication of corresponding elements.
Finally, after the convolution operation, the feature map vector I = [I1, I2, · · · , In] of

the key region of each image is obtained.

4.2. Text Feature Extraction

It is commonly understood that emotional information in an input sentence is of-
ten associated with specific words within the text. Therefore, text sentiment analysis
involves vectorizing the text content using the pre-training model ALBert. Subsequently,
BiLSTM [33] is used to optimize the emotional level of the text content by combining the
input sequence information in both forward and backward directions. Figure 5 illustrates
the feature extraction process of the text.
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4.2.1. ALBert Pre-Training Layer

Text sequences are vectorized using the ALBert pre-training model. It performs word
segmentation at the character level, enabling vectorization of corpus text. Each input text m
consists of n characters, which can be expressed as m = [m1, m2, · · · , mn]; the i-th character
in the text is denoted by mi.

The text m passes through the input layer to the ALBert pre-training layer. First, for
each word in the text information, we mark its number position in the dictionary, obtain the
corresponding number, and vectorize the text content to obtain the information sequence e,
ei, which represents the vectorizations corresponding to the i-th character, as shown in the
following Formula (10):

e = [e1, e2, · · · , en]. (10)

For the information sequence e it is then input to the transformer encoder in the ALBert
pre-training model to mine deep semantic feature information, and after conversion, the
feature vector z of the final text sequence is obtained, and zi represents the feature vector
corresponding to the i-th character, as in Formula (11):

z = [z1, z2, · · · , zn]. (11)

4.2.2. BiLSTM Layer

Taking the feature vector zi corresponding to each character i as input, the BiLSTM
network simultaneously combines the input sequence information in both the forward and
backward directions and better mines the deep information of semantics, which can further
strengthen the emotional information in the text. For the input zit at time t, its forward

output
→
h it and backward output

←
h it are calculated as follows in (12) and (13):

→
h it =

→
LSTM(zit), (12)

←
h it =

←
LSTM(zit). (13)
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For the feature vector zi of each character i, we obtain its feature representation with
emotional information by connecting its forward and backward context information, as
shown in Equation (14):

hit =

[→
h it,

←
h it

]
. (14)

Among them, [·] is the splicing operation of vectors.
After calculation, we obtain the output feature vector of each character i of the input

text at time t, as shown in the following Formula (15):

Ti = ∑
t

αithit. (15)

Finally, the feature vector of each input text containing emotional information is
T = [T1, T2, · · · , Tn].

4.3. Cross-Attention Fusion of Image and Text Features

This section employs the cross-attention module to model the intermodal relationship
between image regions and text words. The cross-attention mechanism utilizes scaled dot
product attention to enhance the recognition of emotional features in images and word
fragments by fully considering their complementarity and relevance.

The cross-attention mechanism consists of scaled dot-product attention, using text
features Ti as the query matrix in scaled dot-product attention and image features Ii as
the key-value matrix. By scaling the dot-product attention, the cross-attention features of
images and texts are obtained, as shown in Equations (16)–(19):

Q = TiWQ =

(
RWQ

EWQ

)
, (16)

K = IiWK =

(
RWK

EWK

)
, (17)

V = IiWV =

(
RWV

EWV

)
, (18)

Yc = Att(Q, K, V) = so f tmax

(
QKT
√

dk

)
V. (19)

Among them, WQ, WK, and WV are parameter matrices; dk is the number of columns
of Q and K; and the image features and text features are denoted by Ii and Ti, respectively.
The cross-attention mechanism module network is represented by Att(·).

Finally, we obtain the cross feature after cross-attention fusion: Yc = [Yc1, Yc2, · · · , Ycn].
The output Yc resulting from cross-attention fusion is used as input for the linear func-

tion softmax, which performs the final sentiment classification. This process is illustrated
in the following Formula (20):

y = so f tmax(WcYc + bc). (20)

Here, Wc denotes the weight matrix, while bc represents the bias term.

5. Experimental Process

The performance of the MCAM model is evaluated in this section through comparative
experiments conducted on the MVSA and TumEmo datasets. Additionally, this section
presents a qualitative evaluation of the model’s performance.
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5.1. Dataset Introduction

This article uses two public datasets of graphic multi-modal sentiment analysis:
(MVSA raw data obtained from http://mcrlab.net/research/mvsa-sentiment-analysis-
on-multi-view-social-data/ accessed on 20 May 2024) MVSA and (TumEmo raw data
obtained from https://github.com/YangXiaocui1215/MVAN accessed on 20 May 2024)
TumEmo. The MVSA dataset comprises tweets that are in the form of text and images. It
is a collection of messages obtained from Twitter. TumEmo is image text sentiment data
scraped by Tumblr. Tumblr, whose Chinese name is Tang Bole, is the largest light blogging
website in the world. The multimedia content posted by users usually includes images,
texts, and other forms of content. These datasets are publicly accessible for image and text
multi-modal sentiment analysis.

The MVSA dataset contains 4869 text–image pairs. Each sample contains a set of text
and images, and the emotional label is uni-modal. The emotional label of the dataset has
only three modes: positive, neutral, and negative. The screening results are presented in
Table 2. Different from the MVSA dataset, the TumEmo dataset further subdivides the
emotional labels, including angry, bored, calm, happy, love, and sad, into seven types of
emotion. The TumEmo dataset contains 195,265 samples, from which this paper obtained
13,852 pieces of data according to the ratio of each emotional label. Tables 3 and 4 display
information and content related to the TumEmo dataset.

Table 2. MVSA dataset information.

Dataset Positive Neutral Negative Total

MVSA 2683 470 1358 4511

Table 3. TumEmo dataset information.

Dataset Angry Bored Calm Fear Happy Love Sad Total

TumEmo 2167 1667 3577 1136 2476 1975 854 13,852

Table 4. Example of TumEmo dataset content.

Image

Electronics 2024, 13, x FOR PEER REVIEW 11 of 23 

Among them, 𝑊ொ,𝑊௄, and 𝑊௏ are parameter matrices; 𝑑௞ is the number of col-
umns of 𝑄  and 𝐾 ; and the image features and text features are denoted by 𝐼௜  and 𝑇௜ , 
respectively. The cross-attention mechanism module network is represented by 𝐴𝑡𝑡(∙). 

Finally, we obtain the cross feature after cross-attention fusion: 𝑌௖ = [𝑌௖ଵ, 𝑌௖ଶ,⋯ , 𝑌௖௡]. 
The output 𝑌௖ resulting from cross-attention fusion is used as input for the linear 

function softmax, which performs the final sentiment classification. This process is illus-
trated in the following Formula (20): 𝑦 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊௖𝑌௖ + 𝑏௖). (20)

Here, 𝑊௖ denotes the weight matrix, while 𝑏௖ represents the bias term. 

5. Experimental Process
The performance of the MCAM model is evaluated in this section through compara-

tive experiments conducted on the MVSA and TumEmo datasets. Additionally, this sec-
tion presents a qualitative evaluation of the model’s performance. 

5.1. Dataset Introduction 
This article uses two public datasets of graphic multi-modal sentiment analysis: 

(MVSA raw data obtained from http://mcrlab.net/research/mvsa-sentiment-analysis-on-
multi-view-social-data/ accessed on 20 May 2024) MVSA and (TumEmo raw data obtained 
from https://github.com/YangXiaocui1215/MVAN accessed on 20 May 2024) TumEmo. 
The MVSA dataset comprises tweets that are in the form of text and images. It is a collec-
tion of messages obtained from Twitter. TumEmo is image text sentiment data scraped by 
Tumblr. Tumblr, whose Chinese name is Tang Bole, is the largest light blogging website 
in the world. The multimedia content posted by users usually includes images, texts, and 
other forms of content. These datasets are publicly accessible for image and text multi-
modal sentiment analysis. 

The MVSA dataset contains 4869 text–image pairs. Each sample contains a set of text 
and images, and the emotional label is uni-modal. The emotional label of the dataset has 
only three modes: positive, neutral, and negative. The screening results are presented in 
Table 2. Different from the MVSA dataset, the TumEmo dataset further subdivides the 
emotional labels, including angry, bored, calm, happy, love, and sad, into seven types of 
emotion. The TumEmo dataset contains 195,265 samples, from which this paper obtained 
13,852 pieces of data according to the ratio of each emotional label. Tables 3 and 4 display 
information and content related to the TumEmo dataset. 

Table 2. MVSA dataset information. 

Dataset Positive Neutral Negative Total
MVSA 2683 470 1358 4511

Table 3. TumEmo dataset information. 

Dataset Angry Bored Calm Fear Happy Love Sad Total 
TumEmo 2167 1667 3577 1136 2476 1975 854 13,852 

Table 4. Example of TumEmo dataset content. 

Image 

Text 
Capaldi 

demonstrat
es my 

Shannon 
Claire 

Tillery’s 

A worker 
cleans 

windows at 

I live for 
the 

occasional 

Beauty is 
truth! 

#portrait 

Happy 
2018 

everyone! 

Doing 
makeup is 
the most 
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The image–text pairs are split into training, test, and validation sets at a ratio of
6:2:2 for each dataset. The experimental environment of the model in this paper is In-
tel (R) Xeon (R) 2.50 GHz CPU, 40 GB memory, RTX 3080 GPU, Windows 10 OS, and
the deep learning-based TensorFlow 2.9.0 architecture is implemented using the Python
programming language version 3.8.

5.2. Model Parameter Settings

The input image’s shape is (224, 224, 3), where the three dimensions represent its
height, width, and number of channels, respectively. The batch input size is 32. In the

http://mcrlab.net/research/mvsa-sentiment-analysis-on-multi-view-social-data/
http://mcrlab.net/research/mvsa-sentiment-analysis-on-multi-view-social-data/
https://github.com/YangXiaocui1215/MVAN
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CNN layer, we use the pre-trained DenseNet-121 network that has achieved good results
in the ImageNet2017 dataset [34] classification challenge. The AveragePooling2D layer
utilizes a pooling size of (7, 7), while the Dense layer has output dimensions of 1024/8 and
1024. This results in an output vector with a reduced dimension of 1/8 the original, or 128,
and an unchanged dimension of 1024. The aim is to decrease computation by reducing
dimensionality while preserving the original feature data.

The text’s word embedding layer is initialized using the ALBert pre-training model.
The hidden layer dimension is set to 128 to obtain a 128-dimensional vector representation
for each word. The input length of the maximum text is derived from our analysis of the
dataset, as shown in Figure 6. We found that most of the text lengths are below 150, and the
number of texts with text lengths below 150 is also the largest. Therefore, 150 is selected as
the maximum length of the input text. For text whose input length is greater than 150, the
text will be truncated, and for text whose input length is less than 150, zero-value filling
will be performed.
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The cross-attention mechanism is utilized in the multi-modal fusion part. During the
training process, the Adam optimizer, with a learning rate of 0.001, is used to optimize the
model parameters; to prevent over-fitting, a random discard rate (Dropout Value) of 0.1
is set in the model, and early stopping technology and L2 regularization are used change.
Tenfold cross-validation and grid search are employed to evaluate various parameter
combinations. The hyperparameter combinations of the final model are presented in
Table 5.

Table 5. Settings of the model hyperparameters in this paper.

Hyperparameter Hyperparameter Value

Word vector latitude 128
Maximum input text length 150

Image size 224 × 224
Optimizer Adam

Epochs 10
L2 regularization coefficient 0.1

Dropout value 0.1
Batch size value 32

The pooling size of the AveragePooling2D layer (7,7)
Dense layer output vector dimension 128, 1024

Learning rate 0.001
Word vector latitude 128

Maximum input text length 150
Image size 224 × 224
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5.3. Evaluation Metrics

This paper evaluates the model’s performance using standard classification metrics,
such as accuracy, precision, recall, and F1-score. True positive (TP), false positive (FP), false
negative (FN), and true negative (TN) are the four classification results.

5.3.1. Accuracy

Accuracy is a metric that evaluates the model’s ability to make correct predictions
for the entire dataset. Formula (21) calculates the ratio of correct predictions to the total
number of positive and negative examples, known as accuracy.

Accuracy =
TP + FN

TP + TN + FP + FN
(21)

5.3.2. Precision

Precision is calculated based on the prediction results and represents the proportion
of correct predictions in the samples predicted as positive examples. It is computed using
Formula (22):

Precision =
TP

TP + TN
. (22)

5.3.3. Recall

Recall is the ratio of correctly predicted positive samples to the total actual positive
samples. It is based on the actual samples and is calculated using Formula (23):

Recall =
TP

TP + FN
. (23)

5.3.4. F1 Score

The F1 score, which ranges from 0 to 1, is a weighted average of precision and recall.
It considers both metrics in the evaluation of a classification model. The Formula (24)
illustrates how it is calculated:

F1 =
2TP

2TP + FP + FN
. (24)

5.4. Baseline Method

To evaluate the model’s generalization ability and robustness, we conducted compara-
tive experiments with the following methods for comparison:

1. Single-modal text model: Hoang et al. [35] uses contextual word representations
from the BERT pre-trained language model, fine-tuned with additional generated
text, to perform sentiment analysis. Yin Xing et al. [36] utilizes a BiGRU Information
Augmented Approach for sentiment analysis.

2. Single-modal image model: Liang Song et al. [37] proposes a method that utilizes the
ResNet50 network for image recognition and classification. Paymode A S et al. [38]
presents an approach that applies the VGG19 model to classify crop leaf diseases.

3. Multi-modal image–text fusion model: Huang F et al. [39] introduces the deep multi-
modal attention fusion (DMAF) model, which performs joint sentiment classification
by leveraging the correlation between textual and visual features. Zhu T et al. [40]
introduces the image–text interaction network (ITIN) model. By exploring the connec-
tion between emotional image regions and text, multi-modal sentiment analysis is
performed. Yang X et al. [41] presents a new multi-modal emotional analysis model
that employs a continuously updated memory network to extract deep semantic
features from image text. Wei K et al. [42] introduces the attention-based modality
gating network (AMGN), which detects correlations between different modalities and
extracts discriminative features for multi-modal sentiment analysis.



Electronics 2024, 13, 2069 14 of 22

5.5. Experimental Results

A comparative experiment is conducted using the following setup to evaluate the
effectiveness of the proposed MCAM model. We compared the single-modal text model,
single-modal image model, and multi-modal image–text fusion model, as presented in
Tables 6 and 7.

Table 6. Performance comparison of different models on the MVSA dataset.

Methods Model Accuracy Precision Recall F1 Score

single-modal text
model

Bert 0.742 0.713 0.720 0.693
BiGRU 0.763 0.772 0.746 0.753

single-modal
image model

ResNet-50 0.643 0.701 0.617 0.622
VGG-19 0.574 0.623 0.572 0.496

multi-modal
image–text fusion

model

DMAF 0.841 0.803 0.824 0.838
ITIN 0.763 0.784 0.743 0.732

MVAN 0.719 0.732 0.732 0.723
AMGN 0.830 0.834 0.826 0.827
MCAM 0.865 0.843 0.851 0.855

Table 7. Performance comparison of different models on the TumEmo dataset.

Methods Model Accuracy Precision Recall F1 Score

single-modal text
model

Bert 0.727 0.694 0.703 0.712
BiGRU 0.734 0.707 0.693 0.698

single-modal
image model

ResNet-50 0.593 0.482 0.573 0.558
VGG-19 0.561 0.527 0.538 0.551

multi-modal
image–text fusion

model

DMAF 0.739 0.774 0.735 0.751
ITIN 0.664 0.683 0.703 0.696

MVAN 0.672 0.694 0.676 0.683
AMGN 0.728 0.764 0.724 0.746
MCAM 0.753 0.786 0.752 0.767

5.5.1. MVSA Dataset Experimental Results

The MVSA dataset’s best performance is exhibited by the proposed MCAM model,
as per the analysis of Table 6 and Figure 7. Sentiment classification performance is un-
satisfactory for single-modal image and text data, with average classification results. For
sentiment analysis that integrates multiple modalities, by learning the correlation between
two modalities, the classification effect is greatly improved immediately. In particular,
the proposed MCAM model incorporates a cross-attention mechanism to learn distinct
modalities, which boosts the prediction accuracy rate by 11.7% and the F1 score by 9.8%
compared to the MVAN model. Moreover, the MCAM model outperforms the DMAF
model with an accuracy rate increase of 2.4% and an F1 score increase of 1.7%, achieving
the best prediction performance.

In addition, our proposed single-modal image and single-modal text models also
outperform the baseline methods. In our text model, we incorporate the highly effective
pre-training model ALBert and additionally employ BiLSTM. In the image model, we
use the DenseNet121 network. The dense connection structure of DenseNet121 makes
feature transfer better and gradient flow Smoother, with less risk of over-fitting. With
fewer parameters, it can achieve comparable performance to ResNet50 and VGG19, and
by introducing the CBAM attention mechanism, attention is extracted from two aspects of
channel and space, which further improves the classification effect.
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To further verify the effectiveness of the MCAM model we proposed, we randomly
sample varying proportions of data ranging from 20% to 100% from both the MVSA and
TumEmo datasets, and then we observe the accuracy changes in both the MCAM model and
the four baseline models. Figure 8 demonstrates that our model consistently outperforms
the baseline model of accuracy, regardless of the proportion of sampled training data. This
demonstrates our model’s absolute competitive advantage and ability to achieve favorable
results, even with limited training data.
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5.5.2. TumEmo Dataset Experimental Results

Based on the analysis of Table 7 and Figure 7, the performance of the TumEmo dataset
exhibits a considerable drop in comparison to that of the MVSA dataset. The reason
for our analysis is that the TumEmo dataset contains an extensive range of emotional
categories, consisting of seven types, which reduces the model’s performance. In multi-
category classification problems, as the number of categories increases, the classifier needs
to distinguish more categories, which increases the difficulty of classification, and the
corresponding classification effect may decline.

However, the model we proposed still has obvious competitive advantages and has
achieved the best results in the evaluation indicators. Although the improvement effect is
not obvious compared with AMGN and DMAF, it still has a slight improvement effect. In
comparison to AMGN, our proposed model achieves a 1.5% increase in accuracy rate and a
1.9% increase in F1 score. Additionally, when compared to DMAF, our model exhibits a
1.4% increase in accuracy rate and a 1.6% increase in F1 score.
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5.5.3. Analysis of the Results of PR Curve in Different Models

As shown in Figure 9, it can be seen from the subplot on the left that the PR curves of
the TumEmo dataset present a variety of different shapes, which indicates that different
models have different performances when classifying the TumEmo dataset. Notably,
the PR curve of the MCAM model exhibits the most optimal shape, signifying superior
performance in classifying the TumEmo dataset, while the PR curves of other models, such
as ITIN and MVAN, show poor shapes, indicating their relatively poor performance.
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As can be seen from the right subplot, the PR curve of the MVSA dataset presents
a different shape from that of the TumEmo dataset. The PR curve of model MCAM still
presents an optimal shape, while the PR curves of other models, such as ITIN and MVAN,
present a poor shape, indicating their relatively poor performance. It is noteworthy that
the DMAF model’s performance on the MVSA dataset is relatively inferior in contrast to its
performance on the TumEmo dataset.

5.6. Ablation Experiment

The following ablation experiments are conducted to further verify the performance
of the MCAM model.

Through the performance analysis of the ablation experiments in Table 8 and Figure 10,
it is observed that the model’s performance is average on different datasets when only
images or text are utilized, mainly because the single-modal sentiment analysis is only
learned within the modality. Sometimes, images may play a leading role in the classification
of emotional categories, and sometimes, the text may play a leading role. Thus, single-
modal sentiment analysis fails to fully consider the complementarity and correlation
between diverse modalities, resulting in suboptimal classification outcomes.

Table 8. Comparison of ablation experiments.

Methods Model Accuracy Precision Recall F1 Score

Only text 0.784 0.743 0.743 0.772
MVSA Only image 0.671 0.696 0.673 0.641

Fusion of image–text 0.865 0.843 0.851 0.855

Only text 0.752 0.728 0.762 0.759
TumEmo Only image 0.584 0.538 0.584 0.569

Fusion of image–text 0.743 0.778 0.732 0.715

When we introduce the cross-attention mechanism, the model first uses an indepen-
dent network to learn the feature representation of each modality; then, it employs a
cross-attention mechanism to capture inter-modality relationships. Then, similarities be-
tween different modalities are computed to obtain weights for a cross-attention mechanism,
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which fuses feature representations from different modalities in a weighted manner. Finally,
the model employs the fused feature representations to predict sentiment, resulting in
improved performance and robustness.
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5.7. Attention Weight Visual Analysis

This section focuses on a qualitative analysis of image and text fusion for sentiment
analysis, including attention scores before and after implementing cross-attention. The
emotional score of attention is any value between 0 and 1, and the specific results are shown
in Figure 11. Through visual analysis, we can clearly see the change in the thermal effect of
the image area before and after the introduction of attention.
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5.7.1. Visual Attention Processing

For image data, the convolutional neural network is first enhanced using CBAM to
improve the ability of image feature extraction. Input image tensors (224, 224, 3) for average
pooling and maximum pooling operations calculate the average and maximum values of
the channel dimensions, compress them into vectors with dimensions 128 and 1024 through
two fully connected layers, and then restore them to the original dimension.

The results are then combined, and weights ranging from 0 to 1 are obtained using the
sigmoid function. The attention mechanism is employed to the weighted tensor’s spatial
dimension; it calculates the average value and maximum value of the weighted tensor on
the spatial dimension and inputs it into a 1 × 1 convolutional layer after splicing to obtain
1 × 1 × 1 feature map; then, we obtain the weight from 0 to 1 through the sigmoid function.
Finally, the channel and spatial attention mechanisms’ weights are multiplied to derive the
ultimate attention score.

We draw a heat map on the image processed by the CBAM attention mechanism to
make its color more vivid. The original image is assigned a transparency of 0.5, while the
processed image is assigned a transparency of 0.8 to emphasize the attention focus. If the
region’s attention score is higher, the color of the region is redder.

5.7.2. Text Attention Processing

For text data, we first tokenize the input text data to obtain a token sequence, convert
the token sequence into an input tensor that can be processed by the ALBert model, and
use the attention mask tensor to represent the position of each token.

Next, we input the input tensor and attention mask into the ALBert model, and the
model will encode the input token to obtain an encoded tensor. For each self-attention
layer, the model splits the encoded tensor into multiple heads, each of which computes the
query, key, and value separately and uses this information to compute the attention score
between each token and other tokens. Finally, by weighting the attention scores obtained
by each attention head, a weight vector is obtained, which represents the importance of
each token in the entire text data, that is, the attention weight.

After processing the text, we color-coded the emotional words that the attention
focused on. To differentiate the contribution levels of distinct words to the attention score,
we applied varying degrees of shading to the same color. The darker the color, the greater
the attention weight of the word.

5.7.3. Cross-Attention Fusion Multi-modal Processing

For multi-modal data that fuse images and text, first, we pass the image features and
text features to two fully connected layers, take their outputs as input, pass them to the dot
product layer, and calculate the attention weights.

Next, the attention weights are multiplied by image features and text features, respec-
tively, to obtain attention tensors for images and text. Finally, we use the concatenate layer
to concatenate the attention tensor of the image and text along the last dimension to obtain
the fused feature tensor and calculate the attention score of the fused feature tensor, which
is the fusion of multi-modal cross-attention power score.

For the image and text after cross-attention fusion, we can clearly observe that the
area of the image that is concerned is further expanded, the red color is further deepened,
and the color of the word that is focused on is also deepened. The attention score has also
been improved to varying degrees, and the attention score after fusion has been further
improved compared with the score of simple vector splicing.

5.8. Prediction Error Case Analysis

In Figure 12, the sentiment orientation of the four predicted examples is inconsistent
with the labeled sentiment orientation. In the first image, from the smiling expression of
the little boy, we can easily determine that the emotion is positive, but the text content
contains some negative words, such as “dead people”, “inquietante”, and “terrified”,
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which ultimately lead to the prediction mistake. In the second image, the negative emotion
can also be felt from the tone of the image, but there is the word “happy”, with obvious
positive emotion in the text content; however, “contempt” and “empty” are also in the text,
conveying “contempt” and “emptiness”, but after ALBert’s processing, the text is divided
into independent words, and the meaning may change, i.e., it no longer has a particularly
obvious emotional tendency.
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In the third image, the reason for the prediction error may be that there are wrong
words in the text; “beautiful” originally means beautiful, but the word in the text is
“beatiful”, causing ambiguity. In the fourth image, we can also feel negative emotions from
the roar of the man in the image, and we can also read negative emotions from in the words
“Anger” and “ruining” in the text. The ultimate prediction outcome is negative as well, but
the original annotation is neutral; we think this is likely the reason why the dataset itself is
wrongly annotated.

6. Conclusions

MCAM is introduced in our paper as a cross-attention-mechanism-based multi-modal
sentiment analysis approach that enhances feature fusion by adaptively computing and
calculating the correlation between images and texts. First of all, we propose two different
processing methods for a single modality to learn text and image features, respectively;
then, we use the cross-attention mechanism to adaptively fuse the features of different
modalities, thereby improving the performance of sentiment analysis. Finally, the sentiment
result is output through the classifier. Experimental results demonstrate the superiority
of our proposed approach over four baselines, achieving superior performance on two
publicly available multi-modal sentiment analysis datasets.

As for the limitations of the current work, we note that the cross-attention mechanism
for conflicting sentiment indicators between modalities is a challenge in the current work.
As for situations where sentiment indicators conflict with each other, this is the direction
that we need to consider in our next work. We can use domain knowledge or prior
information, such as sentiment dictionaries or sentiment rules, to help us resolve sentiment
conflicts between modalities.
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Our future work will entail improving the model to enhance its capacity for learning
deeper multi-modal correlations, thereby enabling it to achieve superior results in image–
text sentiment analysis. In addition, we need to improve the text processing model. For
example, for misspelled words, we can use spell checkers and error correctors to detect and
correct spelling mistakes; thus, we delete or correct wrongly annotated labels in the dataset.
In the future, we also want to study further the sentiment analysis of more modalities, such
as video and audio.
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