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Abstract

The primary objective of sentiment analysis is determining a person’s viewpoint on a sub-
ject or the document’s overall contextual polarity. When a significant quantity of labeled
data is provided for the target task, deep learning is demonstrated to be successful for senti-
ment analysis in facial expressions. Nonetheless, there is ongoing research toward train-
ing a deep learning model with few observations of labeled data such that it may general-
ize effectively on a novel task called Few-shot Learning. This research proposes a unique
few-shot transfer learning (FSTL-SA) framework for nonverbal communication sentiment
polarity categorization. First, a deep learning model is trained using a large publicly avail-
able dataset of CK+and FER2013 on anger, fear, and surprise in the source domain. The
trained model was then finetuned in the target domain using the N-way-k-shot approach on
happy, sad, and neutral classes and FER2013 and CK +. In addition, we employed two-
stage semi-supervised few-shot learning to address the labeled data scarcity. The proposed
framework performed better than cutting-edge methods on nonverbal Sentiment Analysis.
The proposed deep convolutional neural network (DCNN) achieved an accuracy of 75.33%
in the source domain, and the FSTL-SA method achieved an average accuracy of 61%
for 100 shots. Additionally, we achieved an accuracy of 82% on a single semi-supervised
approach for 60-shot.

Keywords Transfer learning - Few-shot learning - Deep Learning - Sentiment Analysis

1 Introduction

Sentiment recognition based on facial expressions is a fascinating study area with impli-
cations in various sectors, including health, security, and human-machine interactions.
The fundamental objective of sentiment analysis (SA) is to identify an individual’s per-
spective on a topic or the overall contextual polarity of a document. With the rise of
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social networks and mobile devices, consumers are capturing many photographs and
videos to document all aspects of their lives daily and globally. People discuss their
travel experiences, thoughts on events, and more. While humans primarily communicate
through words, they also express emotions and emphasize specific points in their speech
using facial expressions. Facial expressions are a vital communication component and
serve as one of the main ways people convey their feelings. Figure 1 shows samples of
facial expressions.

The expressions on a person’s face convey nonverbal messages. Moreover, it is uti-
lized in nonverbal communication and plays a significant role in recognizing emotions.
The amount of data generated by these social media sites is expanding exponentially
[1], encompassing more than just words. Users use significant visual data to express
their thoughts and feelings intuitively. This information can be implemented for analy-
sis. Traditionally, SA is carried out through text. Considering that feelings and emo-
tions are communicated visually, traditional SA algorithms based on text are simply
inappropriate.

It is a complex undertaking since it requires recognizing emotions through visual
representations. There is no doubt that visual sentiment analysis (VSA), the study of
predicting people’s emotions based on visual representations, has garnered much atten-
tion [2]. Several machine-learning approaches have been utilized for VSA [3]. Recently,
deep neural networks, especially CNNs [4], have received significant interest in visual
sentiment analysis and have shown significant results due to exceptional feature rep-
resentations [5]. However, training deep learning models requires large amounts of
labeled data, which is time-consuming and expensive. In contrast, finetuning, an essen-
tial aspect of Transfer Learning, requires less labeled data than training a model from
scratch and leverages knowledge gained from the previously trained model to adapt to
new tasks more efficiently.

Few-shot learning, a technique that leverages finetuning in transfer learning, enables
models to adapt efficiently to new tasks with minimal labeled data. This approach offers
practical applications in public safety, healthcare, and business, where collecting large
datasets is often time-consuming and costly. Conventional image classification algo-
rithms typically require substantial training data to develop effective models. However,
in practical scenarios, the availability of representative data is sometimes inadequate,
leading to overfitting during network construction. Research on few-shot learning is
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Fig. 1 Facial expression example
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well-recognized for effectively addressing this issue. Several deep learning models that
exhibit exceptional performance cannot be deployed in this field due to the annotated
data scarcity. This challenge can be overcome by employing N-way-k-shot few-shot
learning techniques, which expand the application of these high-performance models
across various domains.

In 2003, Fei et al. proposed the concept of few-shot learning, highlighting the primary
difficulty of effectively utilizing acquired information to learn a new category [6]. This
strategy addresses the persistent need for extensive and all-encompassing datasets. Few-
shot learning often involves learning the distinguishing features of a small set of labeled
pictures to classify a new image. However, abundant samples of facial images are available
online, which can be leveraged to reduce the scarcity of labeled data by using pseudo-
labeled data. This involves assigning labels to unlabelled data and incorporating it into the
training process. The technique, known as semi-supervised learning, enables models to
utilize both labeled and unlabelled data, thereby improving performance and reducing the
dependency on large, annotated datasets while still learning new categories effectively.

We proposed FSTL-SA (Few-Shot Transfer Learning for Sentiment Analysis) by incor-
porating FSTL with a two-stage semi-supervised learning approach, using pseudo-labeled
data with a 99% confidence interval. The two stages consist of single semi-supervised
learning and iterative semi-supervised learning. In the first stage, pseudo-labeled data is
introduced to finetune the model. In contrast, in the second stage, the model iteratively
refines its predictions, progressively improving accuracy and robustness in sentiment anal-
ysis tasks. The key contributions of the study are as.

e  We proposed a convolutional neural network (CNN) to extract facial features and per-
form robust visual sentiment analysis.

e To the best of our knowledge, we introduced the first Few-Shot Transfer Learning
framework for identifying visual sentiment using semi-supervised learning.

e Introduced a novel adaptive function for selecting pseudo-labeled data based on confi-
dence intervals, improving the model’s accuracy and robustness.

e Extensive experiments were conducted considering various factors to verify the pro-
posed framework’s generalization ability.

The rest of the paper is organized as follows: Sect. 2 contrasts our work with the exist-
ing literature. Section 3 describes the proposed framework for visual sentiment analysis
using semi-supervised few-shot learning. Subsequently, the data processing, experimental
setup, and findings are explained in detail in Sect. 4. Section 5 concludes our study and
suggests future paths for few-shot learning.

2 Related work

Emotions are valuable and self-explanatory in daily interactions between people.
People’s facial expressions convey emotions. Though difficult and time-consuming,
facial expression recognition (FER) is helpful in many fields, including human—com-
puter interaction, emotionally charged robots, and healthcare [7-9]. Even with FER’s
advancements increasing its efficacy, obtaining high precision remains challenging [10].
The six universal human emotions are fear, surprise, disgust, happiness, sadness, and
anger. SA seeks to ascertain people’s attitudes toward a subject or the desired emotional
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response the writer hopes to elicit from the audience. This research field’s tasks are
both demanding and practical. SA has various practical uses, as opinions impact many
human actions in both economic and social situations. There has been a minimal attempt
to extract emotions from visual input, in contrast to the development of SA algorithms
for text analysis. Even though scientific research has already accomplished notable
results in the field of textual sentiment analysis in a variety of contexts [11, 12], it is still
challenging to understand the mood of a text due to the inherent ambiguity of different
languages (for example, ironic sentences), cultural factors, linguistic subtleties, and the
difficulty of generalizing any text analysis solution. All of these factors contribute to
the difficulty of understanding the mood of a text. Most individuals utilize SA, which
analyses a message to ascertain the underlying emotion and categorize messages. Deter-
mine if a specific phrase (a review, a tweet, or a comment) represents a neutral, nega-
tive, or positive feeling. This is the fundamental purpose of SA. To be more specific, the
objective of face image SA in this context is to determine if the input picture in question
indicates positive, neutral, or negative emotion [13, 14]. Many studies have conducted
experiments to categorize facial images into one of these categories.

VSA has several applications, including resource building. Its goal is to build dictionar-
ies, corpora, and lexica that label opinion statements as either pro or con-polarity. Devel-
oping resources is not explicitly related to SA but can aid in SA and emotion detection in
other ways. The work in this category has faced substantial obstacles due to word ambi-
guity, multilingualism, granularity, and differences in expressing thought among literary
genres [15]. Hybrid, lexicon-based, and ML methods are the three primary categories of
thought regarding sentiment classification [16]. Concerning opinion recognition, SA is the
most famous and researched component [17]. SA did not gain traction as a hot new area
of study in information management until 2000. Improved information management meth-
ods for business use might result from this SA. Psychology, psychiatry, and mental health
researchers have recently focused on image-based sentiment analysis [18]. Automated
emotion identification from images is critical for various current applications, including
assisted living, health care, autism spectrum disorder diagnosis, human—computer inter-
face, and social welfare initiatives [19]. As a result, the scientific community has turned its
attention to SA in anticipation of potential applications.

Feature extraction and sentiment classification are the two main components of the
conventional method for image-based SA. Furthermore, image preprocessing is neces-
sary, which includes functions like cropping, scaling, normalizing, and face recognition.
In a conventional sentiment analysis system, feature extraction from the processed image
is essential. The existing methods use specialist techniques like linear discriminant analy-
sis, discrete wavelet transform, and related techniques [20]. In the last stage, sentiments
are classified using the retrieved attributes to understand them better. Neural networks,
DL, transfer learning, and other ML techniques are frequently used [21]. Many systems,
like patient assistance robots, medical treatment decision support, and information man-
agement, use SA. The ability to use visual information may potentially increase the qual-
ity of data. SA may be utilized for interdisciplinary marketing, information management
research, etc.

The concept of VSA is currently being researched. Earlier work on emotional semantic
image retrieval, which develops links between emotions and low-level visual properties to
improve automatic picture categorization and retrieval, provides the foundation for most
research in this new field. According to the research that was conducted in 2010, the objec-
tive of visual sentiment analysis is to classify images as either "positive" or "negative"
[22]. The authors of this study researched the connections between the emotional content
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of a picture and its visual content. Their quantitative evaluations of feelings were derived
from the accompanying text of each photograph, which is referred to as meta-data.

Learning from experience and generalizing concepts are both made possible by DL,
a branch of Al. Computers can learn from real-world examples and grasp an issue thor-
oughly before concluding, all without human intervention [23]. In DL, "deep" means
more than one underlying data layer. An extensive dataset containing many labeled data
is required to train DL networks to autonomously extract features or parameters from a
dataset. Using RNNs, CNNs, and Deep NN are only a few of the approaches made pos-
sible by DL, making it an essential component for image VSA. Many people turn to CNNs,
a feed-forward model, for problems with image processing, identification, and prediction.
Despite much study in this field, learning over new classes with few samples is a signifi-
cant challenge in deep learning tasks. Learning with zero shots and one shot are two exam-
ples of few-shot learning. With zero-shot learning, the most limited premise is that there
are no training samples to train the model. Lampert et al. [24] propose an attribute-based
classification system that performs object identification using a human-specified high-level
semantic attribute rather than training photos. Zhang et al. [25] constructed a max-margin
framework for learning semantic similarity embedding using the seen class proportion as
a similarity measure for unseen classes. In order to determine the connections between the
visual classes produced by an algorithm, some research considers supplementary data like
visual traits or plain language semantics. As supplementary data, Jetley et al. [26] use vis-
ual archetypal conceptions to deduce previously undetected classes. Recognization using
learned classifiers is made possible by a novel one-step zero-learning architecture that Guo
et al. [27] provide. The framework recommends utilizing pseudo labels to move samples
from source classes.

2.1 Sentiment analysis using machine learning approaches

Analyzing the emotional content of an image is a challenging task in artificial intelligence,
especially in the machine learning sector. The groundbreaking approach to SA proposed
by [28] began with incorporating a wavelet energy characteristic into a face image. After
extracting characters using Fisher’s linear discriminants, the researchers used the KNN
approach to categorize the afflicted person’s emotional state. Classification in face recogni-
tion also made use of KNN [29]. Additionally, feature extraction was done using principal
component analysis and non-negative matrix factorization. After [30] gathered local binary
pattern histograms from numerous separate small portions of the image, combined them
into a single feature histogram, and used the histogram to classify the subject’s emotional
state, a linear programming approach was employed to categorize their emotional state.
They used an improved wavelet transform for the 2D picture [31]. They developed the con-
tourlet transform to use a boosting technique to extract picture features for classification
purposes. Facial recognition was integrated into the SA process, and the radial basis func-
tion was used for classification [32].

Several classification algorithms use SVM to predict an individual’s emotional state
based on the returned feature values. The researchers [33] investigated various face repre-
sentations using several different SVM forms. These representations were based on local
statistical characteristics and binary patterns. [34] Investigated a method for determining
the qualities of an object based on its appearance from the outside. The local directed pat-
tern was the name given to this methodology. Recent research [35] utilized SVM to inves-
tigate the utilization of two feature descriptors, namely the center of gravity descriptor and
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the facial landmarks descriptor, and their respective applications. [36] investigated several
different categorization strategies for their proposed face geometry-based feature extrac-
tion. Feature extraction through the use of facial geometry was the primary focus of the
investigations. Inadequate performance is the primary deficiency that is shared by all age-
old methods.

With the help of the AlexNet-DCNN model [37], it is possible to identify the high-level
characteristics associated with the different categories of feelings. After applying transfer
learning to the proposed model, it is optimized. In contrast to the CK dataset, which has
an accuracy of 93.66%, the CK +dataset has an average recognition accuracy of 93.66%.
Based on the findings of the experiments carried out on the benchmark emotional dataset,
it has been determined that the proposed model is effective and has the potential to enhance
the functionality of existing FER systems. It was via the utilization of DCNN, which is
well-known for its capability to work with image data, that they achieved their objectives
[38]. Although GPUs can handle computation-intensive jobs for deep CNN, they consume
little power due to their unparalleled performance. It is possible to get higher precision in
identifying vital emotions through the FaceLiveNet Network using the Dense Face Live
Net architecture [39]. This may be performed by increasing the accuracy from low to high.
They utilized the JAFFE basic emotion identification model on the FER2013 primary emo-
tion dataset for the first step of Dense Face Live Net for Two-Phase Transfer Learning.
This provided the basis for the learning process. They achieved a seventy percent accuracy
rate as a reward for their efforts. Furthermore, when a transfer learning model is utilized to
acquire the ability to recognize emotions, the test’s accuracy rate may reach 91.93%. The
evidence suggests enhancing recognition accuracy by appropriately using transfer learning
processes is possible.

2.2 Sentiment analysis using deep learning approaches

Deep learning models have made substantial advances in various fields, including natu-
ral language comprehension, object detection in pictures, semantic segmentation, and
audio interpretation. However, one significant problem with deep learning models is their
dependency on labeled data for optimal performance, which is frequently sparse in real-
world circumstances. Neural networks are proposed as a sub-domain of ML called DL [40]
to represent a high-level generalization of data processing via several layers of piling-up
alternatively linear and nonlinear changes. Creating deep neural networks, composed of
tens or even hundreds of layers arranged in a heap structure, has been one of the most
important breakthroughs in processing speech, images, and text [41]. Different convolu-
tional architectures were demonstrated to increase the FER2013 dataset’s recognition accu-
racy [42]. Ensembles of the models under consideration were created using the bagging
approach. Several fractalization and histogram equalization modifications were produced
for the dataset under consideration. The prediction accuracy of the original ResNet50 Net-
work was increased using transfer learning and simple topologies. A deep belief network
(DBN) and NN were coupled in the study [43] for face recognition. While the NN was
used to classify emotional feature qualities, the DBN was employed for unsupervised fea-
ture learning. In their self-selected facial expression images, [44] investigated the effective-
ness of a standard CNN architecture with two convolutional-pooling layers.

Additionally, [45] considered the CNN ensemble; even though they trained one hun-
dred CNNEss, their final model only included a portion of those CNNs. After initializing its
weights with the encoder weights of a stacked convolutional auto-encoder, researchers [46]
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trained their CNN using facial images. This CNN initialization has been demonstrated to
outperform a CNN with a random beginning point. [47] Examined a hybrid deep learn-
ing architecture for image identification that included CNN and RNN. Examined a hybrid
architecture that included transfer learning [48], SVM is used in this architecture to classify
features from an AlexNet that has already been trained. The most recent study to examine
the potential of CNN as a clustering approach was [49]. However, [50] evaluated several
data augmentation techniques, one of which used artificial images to train a deep neu-
ral network. They discovered that combining synthetic pictures with various techniques
enhanced the deep CNN'’s performance.

On the other hand, people are remarkably adept at picking up new abilities quickly and
with little guidance. With just a few examples, a youngster who comprehends addition, for
instance, may quickly use that understanding to learn multiplication. In the same way, a
young toddler shown a few photographs of an unknown person may quickly recognize that
person in many more pictures. One crucial area of research is closing the knowledge gap
between Al systems and human learning capacities. Few-shot learning [51, 52] is a revo-
lutionary ML technique devised to tackle the problem of learning from a small number of
samples using supervised information.

The conventional approach commonly refers to a few-shot image classification task as
an N*K-shot [53] challenge. The training set for few-shot learning is partitioned into cate-
gories, each consisting of several samples. During the training phase, a random selection of
N categories of picture samples is made from the training set. The support set is created by
choosing K samples (N*K pictures) from each category. Subsequently, a restricted quantity
of samples is chosen from the remaining data in each of the N categories to act as the pre-
diction object for the model, also known as the query set. When the value of K is very tiny,
often fewer than ten, the classification job is known as a few-shot picture classification.
When the value of K is set to 1, the job is simplified to a single instance picture classifica-
tion task. When the value of K equals zero, the classification issue is called a zero-shot
image classification problem. The fundamental technique employed in few-shot learning
is episode training. An episode consists of a support set and a query set. Once the learning
process on the support set is over, the model’s performance is assessed on the query set.
Thus, a few-shot learning assignment might be considered analogous to an episode. A few-
shot image classification challenge aims to accurately categorize the photos in the query set
using the currently provided supporting set. However, the model must acquire the ability to
identify these N categories from the N*K cases.

In NLP, prompt-based language modeling has proven effective for applying pre-trained
language models (PLM) to many few-shot situations [54]. The classification issue is
approached in prompt-based techniques as a masked language modeling challenge. This
approach uses a sequence of prompts to finetune the model and direct its predictions.
Strategies that are based on prompts are initially introduced in order to solve text few-shot
classification challenges. These strategies include LM-BFF [55], LM-SC [56], and others.
Ehsan et al. [57] propose a generative language model to solve the difficulty, which they
rephrase as a language generation problem for text categorization. However, the models
described above only apply to jobs with text content. The construction of models capable
of performing few-shot multimodal tasks has recently received increased interest. Already
existing models for few-shot multimodal tasks, such as Frozen [58], PVLM [59], and UP-
MPF [60], rely heavily on the addition of picture tokens to a language model that has been
trained.

Currently, few-shot learning is heavily used in many image-processing applications,
such as image recognition [61], image segmentation [62], image classification [63-65], and
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retrieval [63—65]. Also, learning how to classify few-shot pictures has a lot of real-world
applications. Subpar performance for deep learning models results from the difficulty in
collecting large-scale labeled data in public security [66] and health [67]. One possible
solution to high-performance models’ inability to generalize to new classes due to a lack
of training data is limited-shot learning. This would make these models more applicable
to other fields. Research on few-shot learning models and algorithms was detailed by Zhao
et al. [68]. Methods including transfer learning, data augmentation, and model finetuning
were employed. After reviewing the literature on few-shot learning, Wang et al. [69] classi-
fied it according to data, model, and approach. On the other hand, few-shot picture classifi-
cation has received surprisingly little attention in the academic community [70].

A Few-shot Multimodal aspect-based sentiment analysis framework based on Contras-
tive Finetuning was created by Du et al. [71]. The image modality is first converted to
the appropriate textual caption to get the involved semantic information. Next, a contras-
tive dataset is built using similarity retrieval for finetuning. A sentence encoder is also
learned using SBERT, which accomplishes MABSA by fusing sentence-level multi-feature
fusion with supervised contrastive learning. A Multi-Aspect Semantic Auxiliary Network
(MASANet) is suggested by Cen et al. [72] for visual sentiment analysis. More specifi-
cally, MASANet offers cross-domain semantic assistance by achieving modality expan-
sion through cross-modal creation. Next, for aspect-level and cross-modal interaction,
respectively, an adaptive modal fusion module and a cross-modal gating module are pro-
vided. Furthermore, a specifically created semantic polarity constraint loss is showcased to
enhance sentiment multi-classification efficacy.

In the first phases of a few-shot learning research, the model parameters are evaluated
using the Bayesian framework, which combines the prior and posterior probabilities to
derive the class probability reasoning for the sample [73]. Recent developments in deep
learning and neural network architecture have allowed academics to propose neural net-
work models to solve the problem of few-shot photo classification. Most few-shot learning
approaches now use the deep learning methodology. Table 1 shows a comparison of papers
that have been published before. Medical diagnostics [74], image classification [53, 75],
HAR [76-78], and human activity recognition [79-81] are only a few of the many applica-
tions of few-shot classification that have been studied before; the applications and corre-
sponding accuracy metrics are included in Table 1.

3 Proposed framework
3.1 Sentiment analysis using few-shot learning

Low-shot learning, or few-shot learning (FSL), refers to machine learning techniques
designed to train systems using only a small number of labeled training samples. The
goal is to enable the model to perform tasks effectively despite the limited availability
of labeled data. In scenarios with only a few labeled samples, classical machine learn-
ing techniques like supervised learning often struggle to generalize. Using classical
machine learning techniques like supervised learning (learning from labeled data), sce-
narios with few training instances usually result in overfitting (i.e., the learner cannot
generalize the features of the training data) [82, 83]. Figure 2 shows the general layout
of a typical few-shot transfer-learning classification. The dataset was partitioned into
source and target domains. The source domain consists of fear, surprise, and anger and
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Fig.2 Few-shot classification using knowledge transfer

has many samples. The large amount of labeled data in the source domain makes it ideal
for training the model. It may then be used to transfer knowledge to the target domain,
where the model is finetuned using a limited number of labeled data points of happy,
sad, and neutral classes. This classification requires few labeled samples, so the problem
is termed a few-shot classification.

Our visual sentiment analysis framework utilizes CNN as its fundamental compo-
nent. CNNs are extensively used in visual identification, pattern extraction, voice syn-
thesis, and natural language processing (NLP). The proposed CNN model consists
of convolution, pooling, and fully connected layers. The input image dimensions are
(ng, ny, ne), and the image first passes through a convolution layer. Each convolutional
layer is followed by an Exponential Linear Unit (ELU) activation function.

The exponential linear unit (ELU) with 0 < « is:

_ xifx >0
S = { a(exp(x) — Difc > 0 O

The model in this study is constructed using a Deep convolutional neural network
(DCNN). The model’s architecture is seen in Fig. 3.

As shown in Fig. 2, the model architecture remains consistent across both the source
and target domains. Taking the input image sizes into account, Fig. 4 shows the details
of each model layer. Layers and their relative placements in the DCNN architecture,
output format, parameters or weights for each layer, and the total number of parameters
in the model are all part of the parameter configuration specification, which is based on
the transfer learning finetuning parameter.
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Fig.3 Model Architecture of DCNN
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Layer Output Shape Parameters  Fine-tuning
conv2d_1 (Conv2D) (None, 48, 48, 64) 1664 Non-trainable
batchnorm_1 (BatchNormalization) (None, 48, 48, 64) 256 -
conv2d_2 (Conv2D) (None, 48, 48, 64) 102464 Non-trainable
batchnorm_2 (BatchNormalization) (None, 48, 48, 64) 256 -
maxpool2d 1 (MaxPooling2D) (None, 24, 24, 64) 0 -
dropout_1 (Dropout) (None, 24, 24, 64) 0 -
conv2d_3 (Conv2D) (None, 24, 24, 128) 73856 Non-trainable
batchnorm_3 (BatchNormalization) (None, 24, 24, 128) 512 -
conv2d_4 (Conv2D) (None, 24, 24, 128) 147584 Non-trainable
batchnorm_4 (BatchNormalization) (None, 24, 24, 128) 512 -
maxpool2d_2 (MaxPooling2D) (None, 12, 12, 128) 0 -
dropout_2 (Dropout) (None, 12, 12, 128) 0 -
conv2d_5 (Conv2D) (None, 12, 12, 256) 295168 Non-trainable
batchnorm_5 (BatchNormalization) (None, 12, 12, 256) 1024 -
conv2d_6 (Conv2D) (None, 12, 12, 256) 590080 Non-trainable
batchnorm_6 (BatchNormalization) (None, 12, 12, 256) 1024 -
maxpool2d_3 (MaxPooling2D) (None, 6, 6, 256) 0 -
dropout_3 (Dropout) (None, 6, 6, 256) 0 -
flatten (Flatten) (None, 9216) 0 Non-trainable
dense_1 (Dense) (None, 128) 1179776 Trainable
batchnorm_7 (BatchNormalization) (None, 128) 512 -
dropout_4 (Dropout) (None, 128) 0 -
out_layer (Dense) (None, 3) 387 Trainable
Total params: 2395075 (9.14 MB)

Trainable params: 2393027 (9.13 MB)
Non-trainable params: 2048 (8.00 KB)

Fig.4 The details of each layer in the proposed model

The proposed CNN consists of three pooling and six convolution layers, as shown in
Fig. 4. The first two convolution layers consist of 64 filters with the same padding, followed
by max-polling to reduce the spatial dimension without sacrificing using information, fol-
lowed by 128 and 256 filters. For classification, the Softmax activation was employed in
the last dense layer with the output of size N, where N is the number of categories.

3.1.1 Training, finetuning, and testing
In the source domain, the training step is carried out with a batch size of 32, using the

Adam optimizer with a learning rate of 0.001 and categorical cross-entropy as the loss
function. A validation set consisting of 10% of the data from the source domain is used
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to monitor the model’s training. Once the training is complete, the trained model in the
source domain is transferred to the target domain, retaining the same number of neurons in
the final dense layer since the number of classes remains unchanged between domains in
this study. During the finetuning process, there is a limited quantity of labeled data acces-
sible in the target domain. No finetuning of the model parameters can escape the significant
overfitting problem caused by the scarcity of labeled training data.

Figure 4 shows that the last two layers of the model can be finetuned. The finetuned
model is then tested in the target domain. A few-shot classification problem is defined as
an N-way k-shot problem. N represents the number of classes in the target domain, and k
represents the number of samples used to finetune the transferred model. The task’s dif-
ficulty level might vary depending on how similar or distinct the groups that need to be
categorized.

3.1.2 Single semi-supervised few-shot classification

The typical approach for finetuning and testing is depicted in Fig. 5, which contrasts with
the previous illustrations. The N*k samples were used to finetune the dense layers using
N-way-k-shot samples and update the linear layers. The finetuned model is then fixed for
testing. To assess the performance of the finetuned model from a few shots, we randomly
selected 15 samples from each category, resulting in a total of N*15 samples for testing.
The model was tested on a different test set each time, and the testing was conducted in the
proposed framework to showcase the model’s generalization.

In order to enhance the few-shot classification performance, we suggest utilizing the
single semi-supervised approach depicted in Fig. 6. It is demonstrated that there are two
stages to finish.

N*k

samples Model Fine-tuning

Target domain

N*15

Testing
samples

Target domain

Fig.5 The finetuning and testing process
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N*k - -
samples Fine-tuning
Step 1 fixed after fine-tuning
unlabelled pseudo-labelled
samples samples
N*k
samples
Fine-tuning
-| Il
Step 2 pseudo-labelled
samples

fixed after fine-tuning

rest unlabelled
samples

pseudo-labelled
samples

Fig. 6 Single semi-supervised few-shot method

Step 1 involves finetuning the transferred model using the N*k samples with true labels
while freezing the parameters. The fixed model is then fed all the unlabeled data to gener-
ate predictions and select pseudo-labeled samples with a prediction threshold of 99% accu-
racy. Given the model’s prediction confidence, the prediction label assigned to a sample
based on the model’s assessment should closely resemble the true label.

Step 2 entails refining the model using the selected pseudo-labeled data and the N*k
labeled samples from Step 1, with only the parameters of the two dense layers remaining
trainable. Once the model has been finetuned, the parameters are again frozen and eval-
uated using the N*15 samples. This procedure is also known as single semi-supervised
few-shot classification, as the pseudo-labeled samples in the semi-supervised technique are
chosen only once.

3.1.3 Iterative semi-supervised few-shot classification

We also suggest an iterative semi-supervised few-shot classification, represented in Fig. 7,
based on the single semi-supervised few-shot classification.
The main distinction between this iterative approach, which consists of three phases,
and the single semi-supervised technique is the selection of pseudo-labeled samples twice.
The source domain model is finetuned and fixed in Step 1 using the N*k samples
with true labels. The remaining unlabeled samples (apart from those chosen in Step
1) are loaded into the fixed model in Step 2 to pick further pseudo-labeled samples
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N*k : 5
e Fine-tuning
Step 1 fixed after fine-tuning
unlabelled pseudo-labelled
samples samples
N*k
samples
Fine-tuning
pseudo-labelled
Step 2 samples . .
fixed after fine-tuning
rest unlabelled pseudo-labelled
samples samples
N*k
samples
Y
pseudo-labelled . "
samples Fine-tuning
pseudo-labelled
Step 3 samples fixed after fine-tuning

A4
N*15 -
Samples m TeStIng

Fig. 7 The iterative semi-supervised few-shot method

following the first finetuning with genuine labeled data and pseudo-labeled data from
Step 1. In Step 3, the remaining two dense layers of the model are finetuned using the
pseudo-labeled samples from Steps 1 and 2 and the N*k labeled samples. The model is
then evaluated on the N*15 random samples.

@ Springer



Multimedia Tools and Applications (2025) 84:24457-24485 24471

3.1.4 Adaptive selection of pseudo-labeled samples

Figures 6 and 7 illustrate the process of selecting pseudo-labeled data by feeding the unla-
belled data into the trained model. Selecting a fixed number, such as 5 or 10, is the simplest
option for semi-supervised learning. Nevertheless, this choice is not intelligent due to the
lack of suitability for several tasks. A word of caution: selecting pseudo-labeled samples
is not without its limitations. Collecting several suitable pseudo-labeled samples using the
semi-supervised method can compensate for the scarcity of data with original labels. On
the other hand, if we get a lot of bad pseudo-labeled samples, the few-shot performance
will take a nosedive. In addition, picking a limited number of highly cautious pseudo-
labeled samples will result in a minor advantage.

To address the above issue, we propose a selection method based on the number of
samples per class from the pseudo-labeled data, utilizing a threshold of 99% accuracy,
the k-shot, and a multiplier. Despite being pseudo-labels, these given labels should align
closely with the actual labels, given the model’s high confidence in its predictions. In this
scenario, the multiplier was set to 0.25 for the single semi-supervised model and 0.30 for
the iterative semi-supervised model. The equation for selecting pseudo-labeled samples is
provided in Eq. 2.

Let n.;,n.,andn; be the number of pseudo-labelled samples selected for the classes
cl, c2, andc3 respectively, with a threshold of 99%.

psuedosamples(perclass) = min(min(ncl, Ny, ”03)’ [k = multiplier]) )

where [x] denotes the ceil function of x, after extensive experimentation on parameter tun-
ing, Eq. 2 selects the suitable number of pseudo-labeled samples.

3.2 FSTL (Few Shot Transfer Learning) framework

We decided to apply a standardized framework for sentiment analysis from nonverbal com-
munication called FSTL. The framework comprises data preprocessing, model training,
baseline (supervised), pseudo labeling, single semi-supervised few-shot learning, iterative
semi-supervised few-shot learning, and pseudo labeling. Figure 8 shows the process in its
entirety.

4 Experiments
4.1 Data source and description

Comprehensive data for our facial sentiment classification model is available in the
FER2013 dataset, which was used for the Kaggle Competition. This database was created
during the ICML 2013 Kaggle competitions [84]. Since then, scientific studies on facial
sentiment detection have been assessed using the data gathered. The images are automati-
cally registered to center each image’s face and achieve roughly equal sizes. Based on the
emotions conveyed by the facial expression, all faces are to be categorized into seven facial
expressions. A total of 35887 grayscale images with a 48 X 48 pixel resolution are included
in this dataset: 28709 for training and 3589 for testing. An illustration of the database in
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Fig.8 Framework of the Pro-
posed FSTL-SA
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particular classes is shown in Fig. 1. This dataset’s quantity of samples for each categoriza-
tion group is wildly imbalanced. For instance, the class "disgust" makes up about 1% of the
data set, but the class "happy" makes up nearly 25%.

The second database is CK +[85], a widely used resource for researchers that includes
seven emotions from 123 different individuals. Additionally, 961 images were collected,
with each participant representing one of the seven basic emotional categories based on
their appearance. For pseudo-labeling, we utilized the AffectNet dataset developed by Mol-
lahosseini et al. [86], an extensive in-the-wild dataset from the internet. It contains over 1
million facial images covering many emotions, including primary and compound expres-
sions, all meticulously annotated with emotion labels and facial attributes. The diversity
and detail of this dataset make it particularly suitable for real-world applications, as the
images reflect genuine expressions captured in various contexts.

4.2 Data preparation

To perform the few-shot classifications, the FER2013 and CK + were combined to create
a larger dataset that contains diverse facial expressions. The seven facial expressions are
split into source and target domains. Due to the smaller number of samples in disgust, dis-
gust was not considered in this experiment. Fear, surprise, and anger were used to train the
source domain. Downsampling was used, and 4000 images were selected for each class.
Among the 12000 images, 10%, 1200, was used for validation; the rest, 10800, was used
for training. All the images are converted to grey-scale images, resized to 48 X 48 pixels,
and normalized by 255. Data Augmentation increases the diversity of the training data
without actually collecting more images. This helps the model learn better by seeing dif-
ferent variations of the same images. For the training process, the images were randomly
rotated between+/— 15 degrees from the center of the image. The width and height of the
images are shifted by 15%. The images were sheared and zoomed through 15%. Horizon-
tal flipping was also employed randomly on the images. The same processing techniques
were applied to the target domain to ensure consistency across both datasets, generalize the
model for variations, and reduce bias.

4.3 Experimental setup

The experiments in this study were conducted using Python (version 3.10.7) on a Win-
dows 11 operating system. The deep learning models were built with the Keras framework
(version 2.10.0), utilizing the backend of TensorFlow (version 2.10.0). The high-perfor-
mance computing environment included an Intel(R) Xenon(R) W-2255 CPU @ 3.70 GHz,
64 GB of RAM, an NVIDIA GEFORCE RTX A4000 GPU with 16 GB of memory, and
DirectX-12 (version 12.1).

Table 2 Confusion matrix

Predicted Value Actual Value

Positive Negative
Positive True Positive False Positive
Negative False Negative True Negative
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Table 3 Performance evaluation

Metric Name Definition
measures
Accuracy TP+TN
TP+TN+FP+FN
Precision TP
TP+FP
Recall TP
TP+FN
F-Measure 2sxPrecisionsRecall

Precision+Recall

Model Acuracy

0.8 1 — Train
ﬂv—ﬂ—‘w Validation

0.7 /_/J
0.6 ﬁ/

0.5 1

Accuracy

0.4 1

T T T T T

0 20 40 60 80
Epoch

Fig.9 Training and validation accuracy of the source domain

4.4 Performance evaluation

Primary key performance indicators are used to evaluate the efficacy of the classifier. Some
measurements presented here include precision, recall, accuracy, and f-measure. Table 2
presents the parameter values for the confusion matrix measure [87]. These estimates will
be considered during the upcoming performance review. Table 3 provides definitions for a
performance measure used in this work [88].

4.5 Results
4.5.1 Source domain

For this experiment, we have chosen three facial emotions, fear, anger, and disgust, for the
source domain. The number of samples from each of the above classes is over 4000. We
have down-sampled the number of samples per class to 4000. The images are converted to
grayscale images and normalized.

The images were processed and split with a test size of 10%, which is 1200 samples
for the testing and 10800 for training the source domain. For training the model, we have
employed model checkpoints, a learning rate scheduler with a factor of 0.5, patience of 7,
and a minimum learning rate of 107/, and early stopping with the patience of 30, the mini-
mum delta of 107>, all three to monitor the validation accuracy. The maximum number of
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Fig.10 Training and validation loss of the source domain

Table 4 Performance of DCNN

X Model  Accuracy (%) Precision (%) Recall (%) F1-Score (%)
model on Source Domain

DCNN  75.33 75.33 75.33 75.33

epochs was set to 100 with a batch size of 32. The model stopped training at 93 epochs.
The source domain achieved an accuracy of 75.33%, a loss of 0.6348. The accuracy and
loss of the training and validation set are shown in Figs. 9 and 10, respectively. The accu-
racy, precision, recall, and F1-Score performance of the DCNN model on the source
domain are defined in Table 4. To assist the reader in gaining a deeper comprehension of
the classification abilities of the model, Fig. 11 presents the confusion matrix of the DCNN
model on the test set.

4.,5.2 Target domain

For the target domain, we have employed the N-way-k-shot few-shot learning. N repre-
sents the number of classes, and k is the number of samples per class used to finetune
the model from the source domain. The N was set to 3, with three facial emotions:
happy, sad, and neutral. For the k, we have used 1, 5, 10, 20, 30, 40, 50, 60, 70, 80, 90,
and 100. The number of happy, sad, and neutral samples was 5044, 3091, and 5126,
respectively, of CK+and FER2013. For pseudo-labeling, we have used AffectNet as
unlabelled data in this experiment. The trained model from the source domain was
used as the base learner in the target domain with all the layers till the flattened layer
remained frozen, and only the fully connected layers were finetuned; for the finetuning
process, checkpoint and learning rate scheduler with the patience of 5 was employed,
monitoring the validation accuracy Tables 5 and 6. The models were finetuned with
20 epochs, and the batch size was set to k. For testing and validation, N * 15 sam-
ples were used. No single test and validation samples were used twice for testing and
validation. To check the correctness of the pseudo-labeled data, we have calculated the
accuracy of the pseudo-labeled data; the results are shown in Table 7. To check the
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Fig.11 Confusion matrix of the source domain

performance, the few-shot model, accuracy, loss, precision, recall, and fl-score were
employed for each emotion individually, and the three classes combined collectively.
The results have shown improvement in training and testing accuracy on the baseline,
single SS, and iterative SS method on different k-shots, as shown in Table 5.

In Fig. 5, we can observe the baseline, which stands for the standard few-shot trans-
fer-learning categorization. Figure 6 shows the single SS strategy, while Fig. 7 shows
the iterative SS method. These are the two suggested ways. Figures 12, 13, 14, and 15
depict the relationship between average accuracy and loss during training and testing
using k-shot. The few-shot parameters are shown below. The N-way is 3; the k-shots
are 1, 5, 10, 20, 30, 40, 50, 60, 70, 80, 90, and 100.

Two points can be intuitively represented in Fig. 13. Specifically, the iterative SS
technique achieves better results than the alternatives, although it demands more oper-
ations. Therefore, the single SS technique might be a good option to balance perfor-
mance gains with computational complexity.

The average improvement in accuracy for the different expressions of Happy, Neu-
tral, and Sad by FSTL-based baseline, single SS method, and iterative SS method on
different k-shots can be calculated from Table 6.
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Table 5 Comparison of Baseline, Single SS, and Iterative SS

(a): Accuracy of Baseline, Single SS, and Iterative SS on training data

Model 1 5 10 20 30 40 50 60 70 80 90 100
Baseline 0.00 933 966 883 966 941 933 866 823 850 855 780
Single SS 333 100 948 893 929 90.6 851 897 818 833 79.6 760
Iterative SS 333 100 875 924 865 892 824 842 822 827 792 815
(b): Loss of Baseline, Single SS, and Iterative SS on training data

Model 1 5 10 20 30 40 50 60 70 80 90 100
Baseline 2.86 007 004 034 008 0.13 0.18 044 055 043 037 0.62
Single SS 1.79 000 028 020 021 028 032 032 047 045 055 0.59
Iterative SS  3.51 0.02 029 023 031 029 050 037 050 043 050 044
(c): Accuracy of Baseline, Single SS, and Iterative SS on testing data

Model 1 5 10 20 30 40 50 60 70 80 90 100
Baseline 26.6 600 51.1 555 622 600 577 577 577 622 622 577
Single SS 31.1 466 488 555 555 622 533 822 71.1 644 600 60.0
Iterative SS  40.0 57.7 355 533 600 577 533 60.0 488 644 577 66.6
(d): Loss of Baseline, Single SS, and Iterative SS on testing data

Model 1 5 10 20 30 40 50 60 70 80 90 100
Baseline 339 199 172 134 190 160 154 159 203 137 126 137
Single SS 278 249 287 217 219 165 199 074 117 123 146 1.49
Iterative SS 4.08 1.35 3.19 1.83 127 1.08 229 125 169 110 144 1.10
Table 6 Accuracy of different classes using FSTL

(a): Accuracy of Happy expression using FSTL

Model 1 5 10 20 30 40 50 60 70 80 90 100
Baseline 40.0 533 400 66.6 800 733 86.6 66.6 533 733 80.0 533
Single SS 266 60.0 800 666 666 733 533 866 800 66.6 80.0 66.6
Iterative SS  20.0 600 333 66.6 600 733 600 733 60.0 666 800 93.3
(b): Accuracy of Neutral expression using FSTL

Model 1 5 10 20 30 40 50 60 70 80 90 100
Baseline 20.0 60.0 733 46.6 40.0 333 466 533 400 46.6 400 46.6
Single SS 333 533 200 266 533 60.0 266 933 46.6 46.6 200 46.6
Iterative SS  46.6 733 6.66 40.0 46,6 466 133 333 200 333 333 333
(c): Accuracy of sad expression using FSTL

Model 1 5 10 20 30 40 50 60 70 80 90 100
Baseline 20.0 66.6 400 533 66.6 733 400 533 800 66.6 666 733
Single SS 333 266 466 733 46.6 533 800 666 86.6 80.0 800 66.6
Iterative SS 533 400 66.6 533 733 533 866 733 666 933 600 733
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Table 7 Accuracy of the Selected Pseudo-labelled data

Model 1 5 10 20 30 40 50 60 70 80 90 100

Single SS 333 333 333 533 458 66.6 487 60.0 629 56.6 608 533
Iterative SS 333 333 66.6 61.1 555 416 800 574 7142 680 79.0 76.6

1.0
0.8
> 0.6
Q
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—+—Single SS
00 —*—_|terative SS
0 20 40 60 80 100
k-shot

Fig.12 Accuracy of Baseline, Single SS, and Iterative SS on Train Data
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Fig.13 Loss of Baseline, Single SS, and Iterative SS on Train Data

4.6 Results of adaptive selection of pseudo-labeled samples

This part will discuss how the proposed semi-supervised few-shot methods rely on select-
ing pseudo-labeled samples. The number of adaptively selected pseudo-labeled samples
under different k-shots is shown in Fig. 16. A significant correlation was found between
the number of k-shots and the selected pseudo-labeled samples. With increased k-shot,
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Fig.15 Loss of Baseline, Single SS, and Iterative SS on test data

the model gets access to more training data for finetuning. Put another way, the model is
stronger. Therefore, such unlabeled data may provide a more secure basis for prediction. A
pseudo-labeled sample is selected if one has more than 99% predicted confidence.

Compared to the single SS strategy, more pseudo-labeled samples were selected using
the iterative SS method. This is because, as opposed to the single SS technique, the itera-
tive SS methodology includes a single additional stage for finetuning. Consequently, itera-
tive SS provides a better grasp of the model’s performance. More accurate predictions of
unlabeled data were made using the analyzed categories.

4.7 Discussion

Automatic visual sentiment analysis categorization based on a small number of labeled
samples is crucial for ensuring minimal data costs while maintaining high yield and qual-
ity. This study introduced a semi-supervised few-shot learning technique that adaptively
selects pseudo-labeled samples to aid in model tuning, thereby increasing the average
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Fig.16 The number of pseudo-labeled samples

accuracy of few-shot classification. To our knowledge, we conducted the first semi-super-
vised study in visual sentiment analysis through an extensive literature review. To demon-
strate the accuracy and generalizability of the proposed approaches, several comparative
experiments were carried out using FER2013, CK +, and AffectNet datasets.

The proposed framework is suitable for domains where labeled data is scarce but unla-
beled data, such as facial images, is readily available online. The unlabeled data can be
pseudo-labeled with a high prediction threshold, making the pseudo-labels nearly identi-
cal to the true labels. By utilizing an iterative semi-supervised method, the processes of
pseudo-labeling and finetuning can be repeated indefinitely, leading to high-quality pseudo-
labeled data that helps mitigate the scarcity of labeled data. However, the framework does
not address specific issues, such as mislabeled data, which fall under the broader research
area of robustness. If incorrect labels are assigned to the labeled data, it is advisable to
clean them first, as this can mislead the learning process. Conversely, suppose incorrect
labels correspond to the pseudo-labeled data. In that case, it is recommended to adjust the
confidence interval to tighten the screening criteria and increase the number of iterations to
enhance the model’s filtering performance.

This study has primarily been evaluated within visual sentiment analysis and may
require adaptation for effective performance in other few-shot learning tasks. Additionally,
the approach may not be well-suited for domains where unlabeled data is scarce, in con-
trast to visual sentiment analysis, which typically benefits from abundant such data. The
framework is also adaptable for in-the-wild unlabeled data, as AffectNet, used in this study,
is an in-the-wild dataset with images from the internet.
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5 Conclusion

Deep learning is currently the primary foundation of visual sentiment analysis. Despite
its many successes, the disadvantages of deep learning, such as the significant expense of
gathering and labeling large-scale datasets, cannot be disregarded. Few-shot learning is
a crucial addition to deep learning, integrating a small number of samples and expertise
focusing on model learning. The supervised paradigm has been the main emphasis of the
few-shot experiments conducted in visual sentiment analysis. Therefore, we have aimed
to investigate the semi-supervised paradigm to enhance the impact of few-shot classifica-
tion and motivate this community. To address few-shot visual sentiments for images, we
introduced FSTL-SA, a single semi-supervised and iterative semi-supervised technique.
Overall, our proposed strategy demonstrates superior performance across k-shot scenarios.
The DCNN achieved an accuracy of 75.33% in the source domain. The FSTL-SA method
attained an average accuracy of 61% for 100-shot scenarios and 82% for the single semi-
supervised approach at 60 shots. These results indicate that our methods can deliver better
outcomes with fewer samples under similar conditions.

In the future, we plan to conduct few-shot classification under significant cross-domain
conditions, utilizing an in-the-wild dataset as the source domain and laboratory images as
the target domain to adopt a broader and more practical perspective. Additionally, since
few-shot learning aims to learn from limited samples and facilitate convenient application
deployment, we intend to reduce the model size to create a smaller, more efficient, and
more intelligent model for easier deployment.
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