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Abstract

Image Visual Sentiment Analysis (VSA) requires the
availability of large annotated datasets, whose construc-
tion presents many challenges. The necessity of gathering a
large amount of labeled images contrasts with the rigorous,
but lengthy, process required for manual annotation based
on psychovisual experiments, and with the automatic gath-
ering of large amounts of data roughly labeled based on the
sentiment analysis of the text accompanying the images, like
captions, tweets and tags. An additional limitation is the
scarcity of high-quality datasets with a neutral class, which
forces the images to be classified into emotions even when
the observers show no emotional activation. In this work,
we present a scalable methodology rooted in semiotics and
art theory for the construction of a 3-class (positive, neg-
ative and neutral) VSA dataset, enabling the downloading
of a desired quantity of images while maintaining labeling
coherence and accuracy. Based on the proposed method-
ology, we introduce and make publicly available a VSA
dataset of over 100,000 images. To validate the quality of
the dataset, we used it to train several classifiers and com-
pared their performance with those of classifiers trained on
other datasets. The results, we got, show that the classifiers
trained on the new dataset provide better performance when
tested on independent datasets, including those commonly
used for psycho-visual experiments.

1. Introduction

Understanding and studying emotions is a complex
endeavor, involving several disciplines, including neuro-
science, psychology, and semiotics [!15]. More recently,
computer science has also played a major role in the study
of emotions, leading to the birth of a new interdisciplinary
scientific field referred to as affective computing [4]. Vi-
sion plays a fundamental role into the formation of emo-
tions [3 1], for this reason, Visual Sentiment Analysis (VSA)

is playing an increasingly important role in affective com-
puting applications [32].

Motivation. VSA research requires the availability of
high-quality image datasets labeled with the emotions
aroused in the observers. The creation of such datasets
poses several challenges. From a cognitive point of view,
it is necessary to make sure that the emotion labels are not
biased by personal experiences, tastes, or the cultural back-
ground of the annotators. The choice of the images to be in-
cluded in the dataset is also critical, with few general guide-
lines available mostly rooted in the field of psychology and
art theory [29]. From a technical point of view, the increas-
ing use of artificial intelligence techniques for VSA requires
the availability of large annotated datasets, containing tens
or even hundreds of thousands of images [33]. The creation
of large labeled VSA datasets poses additional challenges
due to the impossibility of annotating a large number of
images by relying on rigorous psycho-visual experiments
run under strictly controlled laboratory conditions. At the
same time, resorting to online massive labeling campaigns
considerably increases the subjectivity and unreliability of
the annotations. Usually, automatic VSA datasets construc-
tion goes through the collection of massive amounts of im-
ages from social networks, and their annotation based on
the analysis of the text accompanying them, like captions,
tweets, tags, and communication threads. Such a simple
approach has several drawbacks, including the lack of con-
trol on the images included in the dataset, and a poor qual-
ity of the annotations, given that there is no guarantee that
the emotion aroused by the images is the same emotion
expressed in the accompanying text. Another possibility
consists in retrieving the images from the web through text
queries with a clear emotional meaning, and use the emo-
tions associated to the queries as image labels. The way
the queries are formed, though, is a crucial problem, since
no systematic, theoretically sound, approach has been pro-
posed so far.

Another problem is the scarcity of datasets with a neutral
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images class, that is a class of images that do not elicit any
emotions in the viewers. This lack raises several problems.
For example, in the emotional analysis of social media im-
ages or advertising images, it is first necessary to determine
whether an image generates any emotion, before identify-
ing which specific emotion it evokes. In other cases, the
lack of a neutral class may force the annotators to decide
for an emotion even when the image does not activate any,
or bias automatic emotion recognition tools towards a (pos-
sibly random) emotion when a neutrality decision would be
the most natural choice. Some examples of images with a
neutral content' are shown in Figure 1.

Figure 1. Examples of neutral images

Contribution. In this paper, we present a new scalable
methodology rooted in semiotics and art theory, for the
construction of a 3-class (positive, negative and neutral)
emotional dataset, enabling the downloading of any desired
quantity of images, while maintaining labeling coherence
and accuracy. The proposed approach relies on a theoret-
ical sound methodology to create text queries with a clear
emotional characterization, and use them to retrieve the im-
ages that will form the dataset. To associate the queries
to positive, negative and neutral emotions, we first observe
that, with the exception of some iconic cases, subjects are
not associated to positive or negative emotions per se: im-
ages with kids may convey both positive and negative emo-
tions, the same goes for images with animals, human arti-
facts or any other subject. On the contrary, in human lan-
guage the goal of conveying a positive/negative sentiment
or judgement is usually entrusted to adjectives. As a second
observation, we exploit the semiotic principle according to
which meanings emerge from the contraposition of con-
trary terms (like happy-sad, or male-female) [18]. Follow-
ing these observations, we form the queries used to retrieve

't is possible that in some contexts, or based on the personal experience
of the observer, some of these images raise specific emotions, however,
they are likely to not elicit any emotions in the majority of the observers.

(and automatically label) the positive and negative images
of the dataset by associating a noun (like kid, cat, house)
to two contrary adjectives with a clear positive and negative
bias (like happy-sad, beautiful-ugly). To retrieve the im-
ages populating the neutral class, we exploit another semi-
otic principle, according to which neutrality emerges from
the simultaneous contradiction of the contrary terms (not-
sad AND not-happy) [18]. In fact, due to the way common
image retrieval engines work, using queries like not-happy
AND not-sad kid, would hardly return neutral images, so
we rather use language synonymous available in the English
language’. A possible problem with the approach outlined
above, is that the selection of the subjects represented in
the image may be arbitrary. To mitigate this problem, we
dedicate part of the dataset to artistic images. The reason
behind this choice is the capability of artists to intercept the
way society represents emotions, and use this understand-
ing to create images with visual stimuli capable of eliciting
strong and universal emotions into the observers [13].

To validate the proposed dataset construction methodol-
ogy, we used it to build, and make publicly available, a 3-
class VSA dataset with over 100,000 images. We assessed
the quality of the dataset, and indirectly of the dataset con-
struction methodology, by training a deep learning classi-
fier and comparing its performance with those of classifiers
trained on other datasets. The results we got show that the
classifier trained on the semiotic-based dataset provides bet-
ter performance when tested on independent datasets, in-
cluding the accurately labelled datasets commonly used for
psycho-visual experiments.

The rest of the paper is organized as follows: in Sec-
tion 2, we describe the main VSA datasets available today
and their limitations. In Section 3, we introduce our new
methodology to create VSA datasets. In Section 4, we de-
scribe how we used the proposed methodology to build a
specific VSA dataset. In Section 5, we describe the experi-
ments we run to validate the dataset. In Section 6, we sum-
marize the main results of our work, discussing its limita-
tions and suggest future directions.

2. State of the art

VSA datasets differ based on their goals, image labeling
methods, and the types of emotions used for labeling. The
primary distinction lies in the intended use: some datasets
are created to train Al networks for emotional content clas-
sification, while others are used in psychological research
to study emotional reactions to images. In this paper, we
focus on the first category.

In terms of emotion classification, datasets either clas-
sify images continuously using the Dimensional Emotion

2 Although we use English, our methodology can be applied in any lan-
guage supported by image retrieval engines, allowing dataset construction
to adapt to diverse cultural and linguistic contexts [42].
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Space (DES) [38], or into discrete categories based on the
Categorical Emotion States (CES) [38]. Discrete classifi-
cation can vary from two classes (positive and negative)
to more detailed categories such as Paul Ekman’s six ba-
sic emotions [12] or Joseph Mikels’ eight primary emotions
[30]. Mikels’ emotions can easily be adapted to positive and
negative categories, whereas Ekman’s emotions cannot, as
they include the emotion of surprise, which cannot directly
mapped into a positive or negative category.

A key challenge in constructing VSA datasets is the use
of a reliable labeling methodology, which is crucial for
creating effective classifiers and conducting psycho-visual
studies on human neuro-cognitive responses. Labeling ap-
proaches include manual labeling, automatic labeling, and
hybrid methods. Manually labelled datasets can be further
split into datasets labelled by means of strictly controlled
laboratory experiments based on psycho-cognitive theories
(hereafter indicated as PC datasets), and datasets labelled
by resorting to online interview platforms, with less strin-
gent environment and procedural controls.

A well-known PC dataset is the Affective Picture Sys-
tem (IAPS), with 1200 images categorized into three classes
(positive, negative, neutral), and extensively used in stud-
ies on emotional reactions. An alternative version, IAPS-
a, includes 395 images categorized according to Mikels” 8
emotions [26]. Another popular PC dataset is the Geneva
Affective Picture Database (GAPED), which contains 730
images labeled as positive, negative, or neutral [8]. The
above datasets are widely recognized for the quality of the
annotations, however, their size is by far too small for net-
work training and general Al-oriented applications.

Manually labeled datasets with a size suitable for net-
work training and Al applications algorithms include Emo-
tion6 [34], with 1980 images labeled by 15 annotators based
on Ekman’s emotions, and FI [47], with 23,308 images
each labeled by 5 annotators still based on Ekman’s emo-
tions. Unlike datasets based on psychovisual experiments,
large VSA datasets, like Emotion6 and FI, rely on uncon-
trolled online labelling platforms, making them more sus-
ceptible to cognitive biases. To mitigate this problem, some
datasets are built by using a mixed methodology, combining
interviews with emotionally-oriented online queries. Ex-
amples include the Flickr dataset with 90,139 images and
the Instagram dataset with 65,493 images [23], which have
been built by first retrieving images based on emotionally-
relevant queries, and then annotating the retrieved images
based on 3 interviews for each image. Images for which
the query and the interviews did not agree were discarded.
Another dataset built by relying on a hybrid procedure is
Emoset [44], containing 118,102 images each labelled by 5
annotators based on Mikels’ eight emotion categories.

The last category of datasets includes extremely large
datasets, built by using a fully automatic image retrieval and

labelling methodology. The most popular datasets in this
category include VSO [7] and T4S [41]. The Visual Senti-
ment Ontology (VSO) dataset contains 500,000 images re-
trieved and labeled® using emotionally charged adjective-
noun pairs (ANP). The ANP approach builds the queries
by identifying emotionally relevant adjectives and pairing
them them with nouns. The choice of the pairs is based on
usage frequencies. This limits the accuracy and generality
of the dataset, since frequent associations with positive or
negative adjectives do not necessarily reflect the subject’s
emotional value. T4S is an extremely large dataset con-
taining 1.5 million images retrieved from from Twitter, and
labeled by associating to the images the emotion derived
from the analysis of the text accompanying the tweet. While
large, fully automatic datasets suffer from lower quality
compared to manually labeled ones. Labels derived from
text and tags may not accurately reflect the image’s emo-
tion, and the datasets often contain heterogeneous images,
with random distribution across classes. This heterogene-
ity makes it difficult to focus on emotionally relevant visual
patterns, since the lack of common visual elements across
the various classes hampers and effective detection of the
patterns eliciting the emotions.

Another limit of currently available datasets is the
scarcity of datasets with a neutral class. Most datasets force
neutral images into emotional categories. For instance,
datasets built based on Mikels’ [44] [47] [48] or Ekman’s
emotions [24] [34] classify neutral images as evoking one
of the basic emotions, even if not present. If we exclude the
IAPS and the GAPED datasets, which have a very limited
size, the only large datasets containing a neutral class are
the Flickr, Instagram [23], and T4s [41]. In all these cases,
however, the quality of the neutral class is quite limited, ei-
ther because the images are retrieved by relying on queries
which are not explicitly thought to retrieve neutral images,
or due to unreliable labeling of neutral images based on sup-
posedly neutral tweets.

Table 1 summarizes the main publicly available VSA
datasets along with their most relevant features.

The dataset construction methodology presented in this
paper, combines the simplicity of fully automatic ap-
proaches with a high labelling quality, allowing the con-
struction of large datasets suited for general purpose or even
context-specific Al application. The presence of a neutral
class, makes it possible to use the proposed methodology
also within contexts where images do not necessarily arouse
positively or negatively biased emotions.

3. Methodology

The target of the VSA dataset construction methodology
is the creation of a dataset with images belonging to three

3In VSO the labels belong to an extended version of Mikel’s emotions

[351.
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Table 1. State-of-the-art VSA Datasets. The construction of some datasets (including ours) includes a simple manual pruning phase which
does not affect the manual or automatic nature of the labeling procedure.

Dataset Name #Images Manual Labeling Automatic Labeling Emotion Model # Classes Neutral class
IAPS [27] 1182 Yes No Positive, negative, neutral 3 Yes
GAPED [£] 730 Yes No Positive, negative, neutral 3 Yes
Affective Image Classification [29] 1115 Yes No Mikels 8 No
Flikr-sentiment [40] 586 000 Yes No Positive, negative 2 No
VSO [7] 500 000 Yes No Positive, negative 2 No
Twitter I [46] 1269 Yes No Positive, negative 2 No
Twitter IT [46] 603 Yes No Positive, negative 2 No
Emotion6 [34] 1980 Yes No Ekman 6 No
FlickrLDL [45] 10 700 Yes No Mikels 8 No
TwitterLDL [45] 10 045 Yes No Mikels 8 No
Emotic [24] 18 316 Yes No Ekman + 20 emotions 26 No
FI [47] 23308 Yes No Mikels 8 No
Flickr [23] 90 139 Yes No Positive, negative, neutral 3 Yes
Instagram [23] 65439 Yes No Positive, negative, neutral 3 Yes
T4s [41] 1,5 milion No Yes Positive, negative, neutral 3 Yes
IESN [48] 1 milion No Yes Mikels 8 No
Emoset [44] 118,102 Yes Yes Mikels 8 No
Ours 107 117 No Yes Positive, negative, neutral 3 Yes

emotional classes: positive, negative and neutral. The pro-
posed methodology permits to automatically create a large
dataset of labeled images, suited for the training of deep
learning models for the prediction of the polarity of the
emotion aroused in the viewers. We use the web as the
source of the images due to its vast availability and its ca-
pacity of cultural homogenization [20].

The images are retrieved and labeled by relying on a set
of basic semiotic principles to construct textual queries with
the desired emotion bias. In particular, instead of labeling
the images based on the emotions felt by human annotators,
we rely on the expressive language forms used to represent
specific emotional concepts, and use them to feed an image
search engine. The retrieved images, are labeled according
to the sentiment expressed by the query, but in the vast ma-
jority of cases, there is a strong convergence between the
two. The dataset is enriched by the incorporation of artis-
tic images. In this way, we leverage on the capability of
artists to understand, exploit and influence the mechanisms
whereby visual stimuli raise positive and negative emotions
into the viewers. In contrast to other datasets built by re-
lying on text queries to image search engines [7] [48], the
way we build the queries ensures that the same subjects are
present in every class, but represented with different emo-
tional values. The presence of the same subjects in all the
classes allows to use the images in the dataset to extract
the visual patterns that are crucial to determine the emotion
conveyed by the image, rather than on the subject of the
image.

3.1. The semiotic square

Semiotics studies how processes of signification occur
and which elements generate them [16]. It examines any
kind of expressive forms, including written text and images.

In the case of images, the goal of semiotics is to identify the
visual forms that allow an image to convey meaning [25].

Semiotics theorizes that all forms of language, whether
verbal or visual, express meaning through a system of op-
posites [17] [22]. For example, the term beautiful derives
its meaning from its opposition to the term ugly. Similarly,
the visual forms that represent a happy boy make sense to us
because they are contrasted with the visual forms represent-
ing a sad boy. Given two opposite terms, we can use them
to draw the upper side of the so-called semiotic square (see
Figure 2). By starting from the opposite terms, we can iden-
tify the contradictory concepts, which explicitly contradict
the terms of the upper side of the square. For instance, in the
case of the opposite terms beautiful-ugly, the contradictory
terms would be not-beautiful and not-ugly. The upper and
lower sides of the square define, respectively, the complex
and neutral axes. The neutral axis, identifies the absence of
both the initial opposite terms and hence can be used to cre-
ate queries characterised by the absence of polarity along
the axis identified by the two initial concepts. In our work,
we use the neutral axis to retrieve the images that populate
the neutral class. The complex axis accounts for construc-
tions wherein the opposite concepts coexist. This is the
case, for instance, of images capable of eliciting poignant
emotions, wherein positive and negative sentiments coexist
together. The lateral sides of the square define complemen-
tary relationships (according to which not-beautiful is the
complement of ugly and not-ugly the complement of beau-
tiful). In this work, we do not explore the opportunities of-
fered by the exploitation of the complex axis and the com-
plementary relatinoships, leaving it for future work.

The semiotic square can be applied to any kind of lan-
guage including text, images [ 4], and other types of media,
such as movies. It is a very useful tool for analyzing emo-
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tional and passionate meanings [19], and has found wide
applications in psychology [10].

3.2. Semiotic-based construction of a VSA dataset

A leading principle of the dataset construction methodol-
ogy that we are proposing, which contrasts with most previ-
ous efforts, is that positive and negative emotions should not
be linked to specific subjects, rather we look for the visual
forms and patterns that are responsible for eliciting a posi-
tive or negative emotion (the absence of such patterns, then,
can be used to define the neutral class). For this reason, the
textual queries used to retrieve the images are formed by a
list of noun-adjective pairs, where the same noun is used to
retrieve images belonging to all the classes. It is up to the
adjective, then, to polarise the image emotion positively or
negatively. The selection of nouns, instead, can be used to
characterize the context wherein the positive, negative and
neutral classes are defined, or to give a specific cultural fla-
vor to the dataset. The choice of the adjectives is made by
resorting to the semiotic principles underlying the semiotic
square. Specifically, the positive and negative emotions are
associated to a pool of opposite terms with a clear emotional
meaning, like ugly-beautiful and happy-sad. The neutral
class deserves particular attention. Following the semiotic
square, neutral images should be retrieved by using queries
where both the contradictory terms coexist, like nor-ugly
AND not-beautiful house. All the most popular search en-
gines, however, are likely to give a wrong interpretation of
queries built in this way, ending up to retrieve images with
either beautiful or ugly houses. To get around this problem,
we suggest to use synonymous capable to identify the neu-
tral axis concept. For instance, the query a not-ugly AND
not-beautiful house is replaced by queries like an ordinary
house or a normal house.

The procedure described above requires the definition of
a list of subjects to be associated to opposite adjectives and
to the neutral axis. The choice of the subjects, however,
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Figure 2. Application of the semiotic square to the pair of opposite
adjectives beautiful and ugly with identification of the correspond-
ing neutral adjectives.

is quite arbitrary and may invalidate the generality of the
dataset. To mitigate this problem, we propose to include in
the dataset a subset of artistic images. The reason for doing
so is to exploit the capability of artists to capture the ex-
pressive forms used in our society to arouse emotions [5],
and, in turn, to come out with new expressive forms that are
likely to become mainstream [37]. The queries to artistic
web sites are used only to retrieve images for the positive
and negative class. In fact, it is arguable, that in the great
majority of the case, artists are not interested in creating im-
ages that do not arouse any emotions. In this case, the query
is formed by a single term obtained by the nominalization
of the positive and negative adjective used for the general
queries: dirty — dirtiness, pure — purity. No constraints
are put on the subjects and visual forms used to represent
the positive and negative concepts, trusting the artists’ ca-
pability to use effective and general visual representations
of the querying concepts.

To validate the proposed dataset construction procedure,
in Section 4, we show a practical example of its application
to actually build a large three-class VSA dataset. Then, in
Section 5, we use the dataset to train a pool of neural net-
work classifier capable of classifying a given image as ei-
ther an emotionally positive, negative or neutral image. By
comparing the results we got with those obtained with clas-
sifiers trained on other datasets, we see how systematically
showing to the classifier images representing the same sub-
jects, with visual forms having different emotional contents,
results in better generalization capabilities when the classi-
fier is faced with images coming from other, independent,
manually labelled, datasets. A flowchart representation of
the method is provided in the supplementary materials.

4. A new VSA image dataset

We now show how we applied the methodology de-
scribed in Section 3 to construct a VSA dataset containing
over 100,000 images*. We stress that the dataset described
here is only one possible instantiation of the procedure out-
lined in Section 3. This procedure can be customized in
various ways depending on the intended application.

We began by selecting a list of 20 nouns, each repre-
senting a different subject, chosen among the most com-
mon terms in the English language [9], like city, bird, car.
For each term, we identified several pairs of adjectives with
opposite emotional values, selected from those most com-
monly associated with the chosen noun. In total, we iden-
tified 40 pairs of opposing adjectives, like beautiful - ugly,
awful - wonderful. Eventually, we also identified 15 neu-
tral adjectives to account for the neutral axis of the semi-

4The dataset, code, and model of the algorithm trained using the
CLIP Image Encoder architecture are available anonymously at the follow-
ing link: https://mega.nz/folder/ncVxETpI# j1NMDDSGK_
chAAMnJt 3LbQ
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otic square. Some examples of neutral adjectives are nor-
mal, ordinary and regular. The number of neutral adjec-
tives is smaller than the number of opposite pairs because
many neutral adjectives can describe neutrality across sev-
eral pairs of opposing adjectives. The list of all nouns and
adjectives we used for the queries is provided as supple-
mentary material. For each noun-adjective query, we down-
loaded between 400 and 600 images for both the positive
and negative pairs, and twice that amount for the neutral
pairs. To download the images, we used the Google Im-
age search engine, utilizing the advanced search option to
locate images associated with consecutive noun-adjective
terms. We ensured that only images freely usable for non-
commercial purposes were downloaded [|]. Some exam-
ples of queries and the images retrieved through them are
given in Figure 3.

Regarding artistic images, we downloaded between 400
and 600 artistic images for each noun derived from the nom-
inalization of the positive and negative adjectives. The list
of nominalized adjectives used for the queries is provided
in the supplementary material. To select the artistic images,
we utilized the internal search engines of pexels.com [2]
and unsplash.com [3]. These two platforms offer a large
collection of artistic images that are freely usable for non-
commercial purposes. some examples of artistic images
downloaded using the nominalized terms as queries are
shown in Figure 3. Other examples of queries and the im-
ages retrieved through them mare provided as supplemen-
tary material. The dataset comprises only publicly available
images that are freely usable for research, even when they
depict individuals. Section 3 of the supplementary materials
discusses in detail the issues related to consent and copy-
right, with a focus on the usability of the images.

After downloading, we curated the dataset by visually
analyzing all the images to filter images that do not corre-
spond to the query that was used to retrieve them. To avoid
introducing a personal bias due to the preferences of the cu-
rator, filtering was carried out on the basis of a simple and
reproducible procedure. Specifically, each downloaded im-
age was manually checked to confirm the presence of the
primary subject as specified by the query. For example,
in the case of the query fresh-apple, we verified that the
image indeed depicts an apple. We also ensured that the
images did not contain drawings or synthetic illustrations.
We did not apply any filtering to the artistic images. In
the end, we collected 107,117 images. The positive class
consists of 33,176 images, the neutral class 40,716 images,
and the negative class contains 33,176 images. The neutral
class is entirely composed of images obtained from neutral
noun-adjective queries, while for the positive and negative
classes, half the images were obtained from emotionally rel-
evant noun-adjective queries, and half with artistic queries.

5. Dataset validation

In this section, we validate our dataset construction
methodology. We do so by training several neural network
classifier on the dataset described in Section 4, and showing
that the classifiers trained in this way perform better than
classifiers trained by relying on other datasets, both in terms
of internal coherence, that is, when the classifiers are tested
on images belonging to the same dataset used for training,
and generalization capability, that is when facing with im-
ages belonging to independent datasets.

5.1. Experimental setting

We trained six distinct deep-learning classification net-
works on different datasets, and tested them both on a left-
out subset of the datasets used for training (internal coher-
ence experiments) and on the IAPS and GAPED datasets
(cross-dataset experiments). In a first basic set of experi-
ments we considered a 3-class classification task, including
positive, negative and neutral images. This forced us to use
only datasets providing the neutral class. To further assess
the quality of our dataset construction procedure, we also
used the dataset described in Section 4 to train two 2-class
classifiers, by using only the positive and negative sections
of the dataset, and compared the performance we got with
those achieved by similar classifiers trained on Emoset, FI
and VSO datasets.

Classifiers architectures. For our experiments, we used
6 image classification architectures: ResNet50 [21],
ResNeXt101_32x8d [43], Swin-B [28], Swin-T [28], Vi-
sion Transformer (ViT_L_32) [11], and a CLIP Image En-
coder [36] pre-trained with ViT-L/14.

ResNet50 is a convolutional neural network with 50
layers and residual connections to facilitate training.
ResNeXt101_32x8d adds a cardinality parameter to the
ResNet architecture, increasing the model’s representa-
tional capacity. The ”32x8d” design consists of 32 groups
of convolutional layers, each with a cardinality of 8. Within
the Swin Transformer family, we chose two models: Swin-
T, which is characterized by a compact shape and good
computational efficiency, and Swin-B, which has a bigger
model size than Swin-T, resulting in enhanced expressive
capability. Vision transformers (ViT) are a class of neu-
ral network architectures known for their ability to capture
global dependencies in image data through self-attention
mechanisms. Our experiments included the ViT_L_32
model, denoting a ViT variant with an ”L” designation and
an image patch size of 32x32 pixels. Lastly, CLIP is a mul-
timodal architecture aiming at learning a joint embedding
space for images and text. The CLIP image encoder, trained
using a contrastive learning framework, extracts high-level
semantic representations from input images. For our task,
we leveraged a pretrained CLIP Image Encoder, adding a
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Figure 3. Examples of images retrieved by using semiotic and artistic queries. On the left: examples of images downloaded by pairing
the subject city with the opposite adjectives beautiful and ugly, the neutral term ordinary, and by nominalizing the opposite adjectives into
the terms beautifulness and ugliness. On the right: examples of images obtained with the noun house, the adjectives wonderful, awful, and

normal and the nominalized terms wonderfulness and awfulness.

fully connected layer after the encoder.

Training. FEach dataset used for training was split into
training, validation, and test subsets sets with a ratio of
0.7:0.15:0.15. To enhance dataset diversity during training,
various augmentations were used, including JPEG compres-
sion with random quality between 60 and 95, as well as
vertical and horizontal flips. We avoided augmentations af-
fecting colors, as it could impact the sentiment evoked by
the images. Except for the CLIP Image Encoder, all the ar-
chitectures were initialized with pre-trained weights from
the ImageNet model. For the CLIP encoder, the weights of
the encoder were frozen, and only the final fully connected
layer was trained. Each model underwent 100 epochs of
training, incorporating early stopping to ensure optimal per-
formance. We employed an Adam optimizer with an adap-
tive learning rate controlled by a linear scheduler, initialized
at 0.0001, and a batch size of 64. We resized all images to
224 x 224 for all networks except for the CLIP image en-
coder where we resized the input to a 336 x 336 size.

Datasets. For the internal coherence experiments, in ad-
dition to our dataset, we trained the 6 networks described
above on the Flickr, Instagram and T4S datasets, which are
the only large enough datasets featuring a neutral class. In
this way, we obtained 24 classifiers, which were tested on
the test subsets of the datasets used for training. Then we
selected the best performing architectures, namely the CLIP
image encoder and the Swin-t transformer, and tested them
on IAPS and GAPED PC datasets, as independent cross-
dataset tests of the performance of the classifiers.

2-class tests. In order to assess the validity of our dataset
regardless of the presence of the neutral class, we repeated
the cross-dataset tests by training the CLIP and Swin-t
classfiers only on the positive and negative class of our
dataset and on the positive and negative classes of Emoset,

FI and VSO datasets. For Emoset and FI, the positive and
negative classes were constructed by mapping the 8 classes
of Mickel’s system into positive (Joy, Trust, Surprise, Antic-
ipation) and negative (Fear, Sadness, Disgust, Anger) emo-
tions [30] [44]. We selected Emoset for excellent internal
accuracy, while FI was chosen as the top-performing man-
ually labeled dataset [47]. As to VSO, we chose it because
it provides the best performance among two-class automat-
ically labeled datasets and is labeled using a query system
based on the association of subjects with emotionally rele-
vant adjectives, but without a systematic method to build the
queries. The comparison with VSO is particularly telling,
since it shows that our semiotic-based method enables auto-
matic labeling matching or surpassing the performance ob-
tained by relying on manually labeled datasets.

5.2. Experimental results

In Table 2, we present the internal classification accu-
racy of the classifiers, described in Section 5.1, each evalu-
ated on the test subsection of the dataset used for training.
The results show that the CLIP Image Encoder consistently
achieves the highest accuracy (at 88% for our dataset),
while ViT_L_32 performs the worst. The results in the ta-
ble indicate that the classifiers trained on the other datasets
provides a noticeably lower internal accuracy compared to
the models trained on our dataset. The experiments also
show that for all the datasets, including ours, better perfor-
mance are obtained with pre-trained architectures compared
to non-pre-trained ones.

Table 3 reports the results of the classifiers with the best
internal accuracy, namely CLIP image encoder and Swin-t,
on two independent datasets, namely, [APS and GAPED.
Even in this case, the best results are obtained by the CLIP
encoder trained on our dataset. The same applies to the
Swin-t transformer, eventually demonstrating the capability
of the dataset construction procedure we have presented to
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Architecture Flickr  Instagram T4s Ours

CLIP Image Encoder 75.24%  71.24% 59% 88.64 %
Swin-b 69.48% 68.57% 52.32% 86.61%
Swin-t 70.29%  68.77% 52.55% 86.44%

ResNet50 69.79%  68.45% 52.1%  84.18%
ResNeXt101 68.96% 64.23% 51.61% 84.81%
ViT_L_32 66.98% 62.61% 49.14% 78.35%

Table 2. Internal classification accuracy of the various classifiers
tested on the test subsection of the dataset used for training.

Test Set  CL. Flickr CL. Instagram CL. T4s CL. ours
IAPS 75.15% 78.17% 56.43% 84.41%
GAPED  76.08% 77.22% 50.39% 83.53%
Swin-t Flickr  Swin-t Instagram Swin-t T4s  Swin-t ours
IAPS 64.17% 63.23% 49.12% 69.70%
GAPED  65.49% 62.10% 53.20% 68.86%

Table 3. Cross-dataset accuracy of the CLIP Image Encoder (CL.)
and Swin-t classifiers, trained on Flickr, Instagram, T4S, and our
datasets, and tested on the IAPS and GAPED datasets.

Test Set CL. Emoset CL.FI CL. VSO CL. ours
IAPS 2 Cls. 93.76% 90.28% 84.27% 95.65 %
GAPED 2 Cls.  91.19% 86.57% 82.29% 92.21%

Swin-t Emoset Swin-t FI Swin-t VSO Swin-t ours

IAPS 2 Cls. 75.62% 69.38% 72.57% 80.23%
GAPED 2 Cls.  73.43% 56.00% 66.00% 77.23%

Table 4. Cross-dataset accuracy of the CLIP Image Encoder (CL.)
and Swin-t classifiers, trained on the positive and negative classes
of Emoset, FI, VSO and our dataset, and tested on the positive and
negative classes of IAPS and GAPED datasets.

expose the common patterns linked to positive, negative and
neutral (lack of) emotions. Lastly, Table 4 shows the accu-
racy of the CLIP image encoder and the Swin-t transformer
trained to distinguish only positive and negative images of
the IAPS and GAPED datasets, trained as explained in Sec-
tion 5.1. Once again, the classifiers trained on our dataset
provides superior performance compared to those trained on
the other datasets, including VSO, that has been built using
subject-adjective queries similar to ours. It is also notice-
bale that it does not apply a systematic method, as proposed
in our approach. Noticeably, the classifier trained on our
dataset outperforms that trained on the manually labeled FI
dataset. Our dataset ensures better performance also with
respect to Emoset, which is the best available large dataset
built up to now, consisting of 100,000 images selected us-
ing basic emotions as queries and labeled by five annota-
tors. The slight superiority of our dataset on the psycholog-
ical datasets emphasizes how our method can produce VSA
datasets with accurate labeling and emotional image clas-
sification capabilities that match or even surpass the best
state-of-the-art manually labeled datasets.

6. Concluding remarks

We have proposed a scalable and easily customizable
methodology to build a VSA dataset without resorting to ex-
pensive and time-consuming interviews. The methodology
relies on semiotic and art-theory principles and is expressly
thought to label images according to the polarity (positive
or negative) of the sentiment they evoke into the viewers. It
also allows to build a neutral class which may be particu-
larly useful, for example, to understand the role of neutral
images in online communications, or to separate emotional
from neutral content. Instead of focusing on the emotions
elicited in the observers, our methodology focuses on the
visual forms used to express and represent emotions. As
a byproduct of our research, we have built and made pub-
licly available a new VSA dataset with over 100,000 im-
ages, split into positive, negative and neutral classes. The
proposed methodology allows to create VSA datasets of any
size and tailor them to specific needs. For example, it can
facilitate the creation of a dataset to understand the emo-
tions evoked by photos of houses, which could be useful for
areal estate agency, or it could be targeted at photos related
to an armed conflict to study the use of emotional images in
war propaganda.

VSA faces inherent challenges due to the subjective na-
ture of emotional perceptions and the strong connection be-
tween an image emotional meaning and the context wherein
itis used. We have tried to mitigate these problems by mak-
ing sure that the dataset includes representations of the same
subjects with different emotional content, so to ease dis-
cerning the visual characteristics that determine the emo-
tion conveyed by the images. Yet, subjectivity, cultural fac-
tors and contextualization remain an issue. For example, a
neutral photo of a city might convey a positive meaning in
a war-related context, implying that the city was not dam-
aged. Similarly, a photo of a child with a neutral expression
might generally be seen as positive image because it depicts
a positive subject. However, when placed next to images of
happy or sad children, it might take on a neutral meaning
by comparison. The relationship between image meaning
and context has been widely studied in semiotics [6] and
can be addressed by a proper choice of the terms used to
retrieve the images of the dataset. On this line, future work
may focus on using semiotic principles to generate context-,
cultural-specific VSA datasets.

An important yet unexplored aspect is the role of am-
bivalent images [39], which evoke both positive and neg-
ative emotions. In semiotics, these images align with the
complex axis of the semiotic square, where opposing ele-
ments coexist. Understanding their role in visual communi-
cation presents unique challenges that require further study.
An other possible extension regards the generalization of
our procedure to more fine-grained labels.
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