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Abstract
This research is framed within the study of automatic recognition of emotions in art-

works, proposing a methodology to improve performance in detecting emotions

when a network is trained with an image type different from the entry type, which

is known as the cross-depiction problem. To achieve this, we used the QuickShift

algorithm, which simplifies images’ resources, and applied it to the Open Affective

Standardized Image (OASIS) dataset as well as the WikiArt Emotion dataset. Both

datasets are also unified under a binary emotional system. Subsequently, a model

was trained based on a convolutional neural network using OASIS as a learning

base, in order to then be applied on the WikiArt Emotion dataset. The results

show an improvement in the general prediction performance when applying

QuickShift (73% overall). However, we can observe that artistic style influences the

results, with minimalist art being incompatible with the methodology proposed.
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Introduction
Images have the capacity to send a message with a given emotional state. Depending
on their goal, certain denotative elements are used in image creation, called low-level
or hand-crafted features (Wang, Han, & Jin, 2019), which will compose the conno-
tative or high-level message (Machajdik & Hanbury, 2010) which contains the
message and the emotion. The analysis can focus on the color (González-Martín,
Carrasco, & Oviedo, 2022; Ou, Luo, Woodcock, & Wright, 2004a, 2004b, 2004c;
Tadi Bani & Fekri-Ershad, 2019), texture (Liu, Jiang, Pei, & Liu, 2018; Liu &
Pei, 2018; Shao, Zhou, Cheng, Diao, & Zhang, 2015), forms (Lu et al., 2012), and
detection of the objects which comprise the image (Campos, Jou, & Giró-i-Nieto,
2017; Sowmyayani & Rani, 2022; Zhang, Liu, Chen, Ye, & Wang, 2022). Other
studies have attempted to go deeper into extracting other aspects which aid the
transmission of emotions such as balance, emphasis, harmony, variety, gradation,
and movement (Zhao et al., 2014) or the aesthetics (Fekete et al., 2022; Joshi
et al., 2011).

Studying this is complex, though, since each denotative element has a meaning, and
this can change with the interrelation with other elements in the representation space.
This process is also determined by the concrete sociocultural context of the subject
(Lim, 2016; Russell, 2017). To approach the analysis of emotions in fixed and
moving images, the literature has presented various different methodologies (Wang
et al., 2019), as well as diverse study objects, including facial expression analysis
(Li & Xu, 2020), body language (Sapinski, Kaminska, Pelikant, & Anbarjafari,
2019), head position (Samanta & Guha, 2021), the context for where the scene is
located (Kosti, Alvarez, Recasens, & Lapedriza, 2020; Mao, Zhu, Rao, Jia, & Luo,
2019) or the descriptive components of the image (Yanulevskaya et al., 2008;
Zhang, He, & Lu, 2020).

Within the analysis of static images, art has been a field for experimentation and
analysis regarding emotions. Thus, some studies have used abstract art (Chiarella
et al., 2022; Sartori et al., 2015; Yanulevskaya et al., 2012; Zhang et al., 2011;
Zhao et al., 2014), art styles including Oriental art (Hung, 2018), cubist art
(Ginosar, Haas, Brown, & Malik, 2014), figurative art (Hagtvedt, Patrick, &
Hagtvedt, 2008; Huang, Huang, & Kuo, 2010), or artworks from various cultures
(Stamatopoulou & Cupchik, 2017), among others. Similarly, in this field, experiments
have been done combining different resources apart from image analysis, such as using
the title of the work or the author (Chamberlain, Mullin, Scheerlinck, & Wagemans,
2018; Chiarella et al., 2022; Huang, Bridge, Kemp, & Parker, 2011; Sartori et al.,
2015; Tashu, Hajiyeva, & Horvath, 2021) to better define emotion.
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As we can see, analyzing images and emotions is rich and complex. The literature
presents an extensive list of tools and approaches for understanding emotions in dif-
ferent types of images. However, each of them is specific to the problem and the
type of object and/or scene. To understand this problem, suppose you look at a pho-
tograph of a dog and ask a child to draw a picture of a dog. In both cases, we know
that it corresponds to the same symbol and object, in this case, a dog. However, is
it possible to determine the differences between the two objects through a computa-
tional tool? This would imply that there is some kind of characteristic or property
that allows us to extract certain underlying symbols in the images and drawings
(Huang, Wang, & Bai, 2021). The same problem occurs in the case of emotions
when trying to understand and connect emotions in images that come from different
typologies, styles, or formats. Thus, our proposal intends to contribute a methodolog-
ical proposal to this field where a tool based on a deep learning architecture allows for
inferring emotions from a set of artworks, even when the network has been trained on a
set of photographs with real scenes (not artistic ones); that is, on a dataset which is
unknown by the network. Formally, this problem is called the cross-depiction
problem, referring to the difficulty which automatic learning models have in general-
izing about data which are not exactly similar to those on which it was previously
trained (Hall, Cai, Wu, & Corradi, 2015; Zhu et al., 2022). This problem has seen
more studies in recent years to facilitate learning about different domains (Dash,
Chitlangia, Ahuja, & Srinivasan, 2022) and it supposes a limitation in the field of
deep learning.

Problem Focus
The problem addressed in this research has started to be studied in greater depth in dif-
ferent areas of machine learning. This is because many of the technologies based on
deep learning have achieved excellent results in specific domains (semantic segmenta-
tion, object identification, emotion analysis, etc.) but also in the field of machine learn-
ing (Choi & Yun, 2020; Poterek, Herrault, Skupinski, & Sheeren, 2020; Renò et al.,
2020; Sowmyayani & Rani, 2022). However, if you want to use a deep learning
model in other contexts (not the one it was trained on), its performance drops
rapidly (Huang et al., 2021; Sun & Saenko, 2016; Zhu et al., 2022). To deal with
this limitation, we seek to understand whether it is possible to improve performance
by modifying both the training and test images so that there is a similarity between
the two sets.

In particular, this study uses two different image datasets: First, “Open Affective
Scandalized Image Set” (OASIS), created as an open option to contribute to studying
the relationship between images and emotions (Kurdi, Lozano, & Banaji, 2017) com-
posed of 900 photographs without stylistic categorization will be on display for the
training; and second, WikiArt Emotion, which will be the unknown input to the
network, has 4,105 paintings extracted from WikiArt.org, falling into four major
Western art styles: Renaissance Art, Post-Renaissance Art, Modern Art, and

González-Martín et al. 3



Contemporary Art, with 22 style categories, and 20 emotions ranging from gratitude to
sorrow, passing through angst and fear (Mohammad & Kiritchenko, 2018) (Figure 1).

Both databases provide the basis for answering our research question and have been
selected for three reasons. First, these databases have a robust emotional model that has
been widely validated by the community. Second, although they have different emo-
tional models, previous experiments reported in the literature have managed to define a
compatibility mechanism where the emotions of a continuous model (DES) are com-
patible with those of a discrete model (CES) through a process of emotion binarization.
This last part is key to designing a model that can be applied to another source of infor-
mation because without it, it would not be feasible to assign one model to another.
Finally, the chosen datasets have different representational styles constituted by the
denotative elements, which obfuscates the automatic detection of emotions. To
address this limitation, we seek to understand whether it is possible to improve perfor-
mance by modifying both training and test images so that there is a similarity between
the two sets, through a process that modifies the compositional elements of the image,
harmonizing the visual criteria of the sample.

In the following section, we analyze in depth the different tools that have been
implemented for emotion recognition from a computational perspective, considering
the emotional models on which they are built. Then, we detail the methodology
applied in the project and explain all the necessary steps for the experimentation

Figure 1. (A) Open Affective Standardized Image (OASIS) dataset: (1) celebration #2, (2) baby

#9, (3) baby #10, and (4) bored pose #6 (the symbol # corresponds to a correlative image of

that category). (B) WikiArt Emotions Dataset example: (1) Renassaince, (2) contemporary, (3)

modern art, and (4) post-Renassaince.

4 Empirical Studies of the Arts 0(0)



and analysis phase. Finally, in the discussion and conclusion, we present the results
obtained and the limitations of our experimental phase, which opens possible
avenues for further research.

Recognizing Emotions: Affective Computation
The field of affective computation has roots going back more than three decades
(Minsky, 1986; Picard, 1995). However, it is only in the last decade that it has been
possible to advance in a deeper comprehension and formulation about emotional infer-
ence based on digital images (Chen, Zhang, & Allebach, 2015; Kim, Lee, & Provost,
2013; Ram et al., 2020; Yao et al., 2020; Zhao et al., 2014); what we today know as
affective computing. This has been achieved thanks to major advances in computa-
tional techniques based on deep learning architectures, which have aided in advancing
automatic comprehension of emotions. Zhao et al. (2022) define this task as the
“Content Analysis of Affective Images,” which is constructed on a dataset of previ-
ously cataloged images with an emotional model. Thus, via learning processes, it
has been possible to build increasingly robust emotional models.

There are various proposals for models and categorization (Ortony, 2022). From a
psychological standpoint, the main models used have been categorical emotion states
(CES), which considers the emotions of fear, disgust, and sadness, and binarizes into
positive–negative, following Ekman’s six basic emotions, and Dimensional Emotion
Space (DES) (Zhao et al., 2022), which uses valence variables, arousal, and dominance
to describe the emotional intensity, among others. Arousal defines emotional intensity,
valence defines the emotional type, and dominance is defined in relation to submission
and control. The final variable is generally not used, since the images do not present
relevant information about this variable. Thus, the most applied factor is normally
the valence–arousal relation (Xu et al., 2013). Both emotional models respond to a
subjective scale.

From a computational perspective, emotional analysis has been approached from
different areas to try to understand how emotions are constituted. This can include
using text analysis (Alswaidan & Menai, 2020; Batbaatar, Li, & Ryu, 2019; Gupta,
Roy, Batra, & Dubey, 2021; Sundaram, Ahmed, Muqtadeer, & Reddy, 2021),
speech (Kumar, Jain, Raman, Roy, & Iwamura, 2021; Li & Xu, 2020; Van,
Nguyen, & Le, 2022; Zhou, Liang, Gu, Yin, & Yao, 2022; Zhang & Xue, 2021a,
2021b), music (Du, Li, & Gao, 2020; Putkinen et al., 2021; Xu, Xu, & Zhang,
2021), or a combination of multiple media (Shen, Zheng, & Wang, 2021), among
others.

Centered on the image field, a fundamental requirement is to know about the rep-
resentative labels of an emotional model (Bradley & Lang, 2007). One of the most
often used is International Affective Picture System (IAPS), with 1,182 images
tagged with DES (Lang, 1999). Under this model, we can find more current datasets
with larger sample numbers, including ArtPhoto (Machajdik & Hanbury, 2010),
Museum of Modern and Contemporary Art of Trento and Rovereto (MART)
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(Alameda-Pineda, Ricci, Yan, & Sebe, 2016; Yanulevskaya et al., 2012), devArt
(Alameda-Pineda et al., 2016), or ArtEmis (Achlioptas, Ovsjanikov, Haydarov,
Elhoseiny, & Guibas, 2021). It is also possible to find datasets with a larger size,
such as those described in Image-Emotion-Social-Net (IESN) with over a million
images labeled under the CES and DES model (Zhao et al., 2016), and the Twitter
for Sentiment Analysis Dataset (T4SA) with 1.5 million images categorized under a
positive-negative-neutral model (Vadicamo et al., 2017). However, for our study,
we have not used these databases, since in the case of IESN, the number of evaluators
is very limited, and in T4SA the labeling process has no human intervention.

The major leap in emotional inference tools has been the rise of convolutional neural
networks (CNNs), which havemade it possible to face the problem of analysis and inter-
pretation with better performance than previously mentioned techniques (Krizhevsky,
Sutskever, & Hinton, 2017). The main advantage of CNNs is their capacity to extract
underlying patterns from data without human intervention. The CNN itself extracts
the characteristics allowing for adequate training in a supervised learning process, that
is, where problem categories or classes are previously known. Thus, the CNN can sep-
aratenon-linear andcorrelated characteristics aboutdifferent data types. Theapplications
covered byCNNare very broad and diverse. In the emotion detection area, some of them
have focused on both the form and description of color (Kahou et al., 2015; Liu, Sun, Li,
& Iida, 2020;Poterek et al., 2020;Razavian,Azizpour, Sullivan,&Carlsson, 2014;Renò
et al., 2020; Wang & Deng, 2018; Westlake, Cai, & Hall, 2016).

The first studies with CNN used in emotion detection were those by Kim et al.
(2013) and Razavian et al. (2014). In both cases, the authors used a network originally
proposed by Krizhevsky et al. (2017) with some modifications in the network structure
and the data type. In later years, research was centered on faces as a means of recog-
nizing emotions. This area includes the studies by Kahou et al. (2015), Kollias,
Marandianos, Raouzaiou, and Stafylopatis (2015), and Wei et al. (2017). Despite
these advances, recent studies have focused not only on the face, but also on other
aspects contained in the images, particularly color, forms, and composition (Elliot,
2015; He, Qi, & Zaretzki, 2015; Takada, Wang, & Yamasaki, 2021).

Emotion arises from observers’ own experiences, which makes it essential to interpret
the objects, forms, and colors present in images. This is true regardless of the medium,
whether they are abstract images, artistic images, or digital photographs. These facts
have lead to some researchers integrating both object information and image background
(Kim, Kim, Kim, & Lee, 2017; Priya & Udayan, 2020). Although the color is a low-level
characteristic, it has a relevant relationship with both the object and the meaning
expressed in the image (González-Martín et al., 2022). Other researchers have proposed
a combination of multiple CNNs to detect objects at a high semantic level, also consid-
ering texture and aesthetics (Lu, Lin, Jin, Yang, & Wang, 2014; Rao, Xu, & Xu, 2018).

As we can see, research in this field is quite broad and has sought to incorporate new
relations and elements to improve performance for inference models in a similar way
to the process which occurs in human beings. However, one of the main restrictions is
that models are normally evaluated on the same types or data for which they were
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trained. That is, a model trained on photographic images is not evaluated on abstract
works. This problem has been formally analyzed in recent years, allowing for defini-
tions of both the dominion of the problem and the internal construction of deep learn-
ing algorithms (Dash et al., 2022). In our case, the transformation is proposed in the
stage of data entry into the network. What we seek is to reduce the discrepancy
between models from different domains (Huang et al., 2021; Zhu et al., 2022).
Unlike other studies, our research proposes to understand the domain change of emo-
tions generated from images of different domains, and not to relate compression of the
objects contained in the images.

Methodology
To carry out this study, we propose the following stages: (1) simplification of the
image dataset via the QuickShift algorithm (Vedaldi & Soatto, 2008); (2) emotion
extraction with deep learning techniques; and (3) learning evaluation on a dataset of
artworks associated with a given emotion. We will now detail each phase of the
described process in Figure 2.

Step (I) Data Preparation
Thedatasets used in this research areOASISandWikiArt Emotion.Both datasets are trans-
formed by simplifying the images with the QuickShift algorithm, which allows for group-
ing pixels with similar properties via a clustering process. The algorithm organizes all the
data points in a tree, where the parents in the tree are the closest neighbors in the character-
istics space, which are organized around increasing density (Vedaldi & Soatto, 2008). As

Figure 2. Diagram of the learning process and emotion prediction in artworks.
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we commented, this pre-processing is applied both to training images (digital photographs
of OASIS) and the artworks (WikiArt Emotion). As a result, by applying the algorithm to
both datasets, the images share similar visual resources (example in Figure 3). To evaluate
the behavior in data preparation, we did different experiments with and without the use of
theQuickShift algorithm in order to knowwhether using a clustering algorithmgenerated a
better final performance. Subsequently, we analyzed the behavior of the clustering param-
eter in the QuickShift algorithm, in order to study its sensitivity with the classification
process (see experiment 1). This process is performed with the same parameter for both
datasets.This provides thebasis for thenext stageof the classification and feature extraction
process.

Step (II) Feature Extraction
This stage performs two independent processes, which make it possible to create a
binary contrast between the emotions contained in the images of both datasets, since

Figure 3. Application of the QuickShift algorithm on the Open Affective Standardized Image

(OASIS) and WikiArt databases (a) OASIS Tiger #2 (tiger2_2.jpg), (b) portrait of a Venetian

nobleman, Vittore Carpaccio (1455–1526, Norton Simon Museum).
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they have different emotional categories (apart from the content type and style of the
images), as well as making it possible to perform the training process.

Creating binary contrasts and dichotomies for feelings is a simplification of the
complexity and depth of emotions which humans can express. However, it has been
an accepted approximation in other studies, mainly due to the high number of emotions
described by other emotional models (Achlioptas et al., 2021; Campos et al., 2017).

Step (II.1) Emotional Binarization of the OASIS Dataset. OASIS dataset is composed of
900 photographs, which are categorized into measurements of arousal, valence, and
dominance (DES scale). Our methodology uses the proposal of Lu et al. (2016)
which is based solely on the valence descriptor since it allows for defining emotion
between two states: positive and negative. Arousal is thus unnecessary since it only
defines the emotional intensity. Furthermore, dominance will not be used since the
images do not present relevant information about this variable. Therefore, in line
with this author (Lu et al., 2016), if valence is above the median (4.33) the image is
categorized as positive, and in the contrary case, as negative (Figure 4).

After this transformation, the sample obtained from OASIS for our study was binar-
ised with 403 images as negative and 497 as positive, obtaining a balanced result for
the training process. This procedure is relevant to avoid learning biases in a given
class, improving the classifier performance (Krawczyk, 2016).

Step (II.2) Emotional Binarization of the WikiArt Emotion Dataset. The WikiArt Emotion
dataset contains 20 emotional discrete states (CES). It, therefore, requires binarization
into positive and negative states, allowing us to prove that the model training is correct.
To this end, we have used the conversion scheme proposed by Mohammad and

Figure 4. Relationship between Categorical Emotion States (CES) and Dimensional Emotion

Space (DES) based on “The Circumplex Model of Affect” diagram by Russell (1980).
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Kiritchenko (2018) (see Table 1). Mixed emotions and others have not been consid-
ered in conversion because they are not binarised, so these images have not been
included in our analysis.

Step (II.3) Model Training. The model training stage consists of designing a CNN which
allows for inferring the emotions of a previously labeled dataset, in this case, on the
OASIS dataset. This allows the CNN to extract underlying patterns from the data
which describe their emotions. Sadly, the image set is very limited for performing
the classification task. For this reason, we have used a pre-trained neural network, spe-
cifically the Xception network (Chollet, 2017). This network was trained for classify-
ing the Imagenet skill, having been previously trained on 1 million images categorized
into 1000 different classes (Deng et al., 2009; Russakovsky et al., 2015). To adapt this
network to the problem of extracting feelings, the upper layers and final layers of the
network were re-trained. This was done in order for the entrance and exit weights to be
adapted to the problem, although the previously trained deep layers’ weights were
maintained. We also changed the number of neurons in the exit layer from 1000 to
1, and its activation function was changed to the “sigmoid” function in order to
achieve a single numerical value in the range of 0 to 1, which is consistent with the
binary exit logic. Subsequently, the learning acquired with OASIS was applied to

Table 1. Conversion Between Positive, Negative, and Other and Mixed Emotions Based on the

Study by Mohammad and Kiritchenko (2018).

Polarity Emotion

Positive Gratitude, thankfulness

Happiness, calmness, pleasure

Humility, modesty, unpretentiousness, simplicity

Love, affection

Optimist, hopefulness, confidence

Trust, admiration, respect, dignity, honor

Negative Anger, annoyance, rage

Arrogance, vanity, hubris, conceit

Disgust, dislike, indifference, hate

Fear, anxiety

Pessimism, cynicism

Regret, guilt, remorse

Sadness, loneliness, grief

Shame, humiliation, disgrace

Other or Mixed Agreeableness, acceptance, submission, or compliance

Anticipation, interest, curiosity, suspicion, or vigilance

Disagreeableness, defiance, conflict, or strife

Surprise, surrealism, amazement, or confusion

Shyness, self-consciousness, reserve, reticence, shy, neutral
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the WikiArt Emotions Dataset via an inference of the model. Thus, while we use 100%
of the OASIS images, we use a network structure based on a larger set of images
(Russakovsky et al., 2015), achieving a greater capacity for learning the input and
greater flexibility when using another test dataset.

Step (III) Prediction
Prediction consists of classifying an emotion based on a given image from the WikiArt
Emotions data set (artworks), via the training generated with the OASIS dataset (pho-
tographs). We should remember that the group of images used in the artworks from
WikiArt Emotion (Table 1) is larger than the emotions used in OASIS. To determine
whether the prediction is correct, we compare the result obtained from the neural
network with respect to the real class of that image. To carry out this process, we
began by binarizing the emotions from WikiArt images (step II.2) followed by evalu-
ating whether the CNN prediction aligns with the binarization of the entry image
(WikiArt Emotion). Thus, the proposal allows us to extract emotions associated
with a probability vector for each of the WikiArt Emotion images. In this way, if
the network exit value surpasses the 0.5 threshold, the image is classified as positive;
otherwise, it is classified as negative. To evaluate the performance of the model, given
that each image used in the evaluation phase has a pre-binarised emotional model, we
only have to compare the prediction with the real value of the said image (performance
stage).

Results and Experimental Tests
This section presents the results obtained with the proposed methodology regarding
emotional prediction in artworks via training using non-artistic images (digital photo-
graphs from the OASIS dataset (Kurdi et al., 2017)). Two experiments have been done.
The first is a performance evaluation of the QuickShift algorithm, while the second
focuses on determining the optimal parameter to simplify the image in order to max-
imize emotional classification.

Experiment 1. QuickShift Algorithm Evaluation
To evaluate the impact of the QuickShift algorithm, we present three configurations
from the two datasets used in our study (Table 2). As an evaluation measure, we
have used the combined F1-score, because it combines the Precision and Recall mea-
sures into a single number. Precision (P) is a measure of the percentage of positive pre-
dictions out of the total number of items with a class defined as positive. On the other
hand, Recall (R) corresponds to the percentage of correctly classified positive images
out of the set of positive elements. These two indicators are combined through the
F1-score indicator as F1 = 2·P·R

P+R . Recall that the problem has been defined as a
binary classification (positive and negative emotions). For each class, the algorithm
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must be able to differentiate between both emotions, the best performance is achieved
when F1-score is 100%.

Results indicate that by applying training with images and then evaluating this
learning on unfiltered artworks we obtained an F1-score test of 62% for the whole
image set. These results show low performance in the evaluation of images which
were unfamiliar to the network during the performance process, which is known as
the cross-depiction problem. To deal with this problem, Huang et al. (2021) propose
to reduce the discrepancy between image domains through the fusion of convolutional
networks via style transfer. The experiments conducted in that research allow the com-
parison between four domains: real, paint, cartoon, and sketch. For our problem, we
have solved the discrepancy more directly using the QuickShift algorithm, which
allows us to simplify the visual resources of the images and thus unify styles across
the sample categories.

When the QuickShif algorithm is applied to the OASIS images, we obtained a lower
value in the training process since the network could not correctly interpret the emotion
with the training image. However, we noted a slight improvement in the evaluation
phase, obtaining an F1-score performance of 64%. Finally, when applying
QuickShift to both datasets (OASIS and WikiArt), we obtained a significant improve-
ment by obtaining on average an F1-score of 73%± 2%, in comparison with 62%±
5% without QuickShift on the artwork images (of a different type on average).
These results show considerable mitigation on the cross-depiction problem, as long
as the test images and the tests are conditioned via QuickShift with the same parameter.
These results are consistent with those described by Huang et al. (2021) in obtaining a
performance of over 70% for solving the cross-depiction problem.

Experiment 2. QuickShift Parameter Sensitivity Analysis
In the following analyses, we will perform exhaustive tests on the proposed method,
using the basis that both datasets have been transformed via the QuickShift algorithm,
and analyzing the behavior of the parameter-defining image simplification (both train-
ing and test).

Table 2. Performance of the Proposed Model With Various Evaluation Configurations.

Train Test

Avg F1-score model

OASIS dataset

Avg F1-score test

WikiArt dataset

OASIS sans

QuickShift

WikiArt sans

QuickShift

94.5%± 2% 62%± 5%

OASIS+
QuickShift

WikiArt sans

QuickShift

89%± 5% 64%± 6%

OASIS+
QuickShift

WikiArt+
QuickShift

89%± 5% 73%± 2%
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As mentioned before, the training phase allows the network to make predictions
about data which are unknown to the network. However, performance in this phase
depends on the type of image used for training. As we see in Figure 5, the F1-score
performance during the training phase varies according to the “s” parameter. This
means that as the parameter increases, the number of colors in the image drops, result-
ing in a simplification of the components and structures in the resulting image. In the
experimental phase, we have modified the parameter from 2 to 12 with an increase of
two units. Values greater than 12 over-simplify the image, and have thus not been
used. For each value of the s parameter, we have done 10 evaluations in order to
record algorithm performance. We have thus observed that starting at s > = 6, algo-
rithm dispersion begins to increase in the prediction phase, implying that error
increases (Figure 6).

To visualize algorithmic behavior while taking all the parameter changes into
account, we can observe that contemporary art has inferior performance compared
with other art types (on average under 25%) (Figure 7). The other typologies have a
performance varying between 68% and 77% on their F1-score, with the
Renaissance type being slightly higher between them, but without any relevant statis-
tical difference.

The artworks in the WikiArt Emotions dataset are distributed across four artistic
styles. To analyze the behavior of the proposed methodology, we have studied algo-
rithmic behavior according to this classification (see Figure 6). In each case, we
observe that performance depended on the s-parameter. However, unlike the training
process, as the parameter increases, performance rises, which stabilizes at s= 10. The
performance also varies by artistic style. The lowest performance and the highest var-
iability appear in contemporary art (mean F1-score= 0.40, s= 6), with the best perfor-
mance being obtained in post-Renaissance art (mean F1-score= 0.776, s= 12). As in
the model training process, each parameter was analyzed 10 times for each style. To

Figure 5. Box-plot graph of the training model performance according to the s parameter of

the QuickShift algorithm which helps simplify images. The resulting image after successively

increasing the s-parameter of the QuickShift algorithm.
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visualize the behavior, the boxplot graph presents performance variations for each
evaluation by type and parameter (Figure 6). Table 3 presents the same values as
shown in Figure 6, but in addition, the standard deviation and averages are presented
as the adjustment s-parameter increases.

Apart from contemporary art, the art styles have similar behavior, increasing their
performance as image simplification rises. This is related to the artistic structure of the
works contained in the contemporary art category, which are simpler compared to
other art classifications. The effect generates image hyper-simplification so that the
algorithm loses the capacity to find specific patterns in the elements composing the
images (Figure 8). On the other hand, we have carried out a t-Welch test comparison
between the four artistic styles of the WikiArt Emotion dataset. The results indicate no
significant statistical difference between modern, post-Renassaince, and Renassaince
art styles with s = 12. However, there is a difference between that styles and contem-
porary art (see Table 4).

Another way to visualize the parameter effect is to analyze the confidence interval
of each parameter change by art type (see Figure 9). In this case, by combining all
types, we can see that starting at s>=4 the typologies of modern art, Renaissance,
and post-Renaissance present similar performance. However, in the case of contempo-
rary art, performance is remarkably inferior, with a confidence interval increasing as
the parameter increases. We can also clearly observe how the prediction of the
model decreases in the training stage.

Figure 6. Boxplot graph of performance by the art style and QuickShift algorithm application.
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In this way, the results suggest that image simplification, both from the training set
(OASIS) and the test set (WikiArt) allow the model to increase its general prediction
level. This is mainly because of reduced visual resources. However, if the elements
comprising the image are oversimplified (contemporary art), performance will be
affected.

Figure 7. Global performance comparison by the art style and QuickShift algorithm

application, considering the s parameter combination in the range [2–12].

Table 3. Average Performance and Standard Deviation According to Change in QuickShift

s-Parameter, and According to Art Style.

OASIS dataset WikiArt dataset (used only for prediction)

QS parameter Model Contemporary Modern Post-Renassaince Renassaince

s Mean Std Mean Std Mean Std Mean Std Mean Std

2 95.43% 0.03 42.7% 0.08 66.4% 0.04 53.6% 0.04 68.7% 0.06

4 94.32% 0.04 40.9% 0.08 69.1% 0.04 71.7% 0.04 72.8% 0.04

6 92.26% 0.05 40.4% 0.07 69.6% 0.05 72.4% 0.06 72.4% 0.06

8 88.21% 0.06 48.1% 0.11 72.4% 0.05 74.7% 0.03 73.9% 0.04

10 84.74% 0.08 48.0% 0.13 73.1% 0.05 75.1% 0.05 73.0% 0.07

12 82.07% 0.09 51.8% 0.15 75.8% 0.06 77.6% 0.05 76.3% 0.04
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Figure 8. Incorrectly classified images by an art class. We can see that the elements present in

contemporary art are oversimplified compared to other styles.

Table 4. t-Welch Test Between the Artistic Styles When the Parameter s = 12.

s = 12 Contemporary Modern Post-Renassaince Renassaince

Contemporary — 4.833* 5.274* 5.035*

Modern −4.833* — 0.773 0.188

Post-Renassaince −5.274* −0.773 — −0.669
Renassaince −5.035* −0.188 0.669 —

*Significant difference.

Figure 9. Evolution of the s-parameter in algorithmic performance. The shaded area

corresponds to a 95% confidence interval.
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Although it is not simple to compare with other algorithms described in the litera-
ture given the use of various databases, similar strategies have been reported with per-
formances slightly inferior to ours (see Table 5). The novelty of this strategy thus lies
in incorporating image simplification analysis via the QuickShift algorithm, which has
helped increase performance in the prediction phase. However, this depends on the art
style being used (Figure 9). The proposed methodology has also revealed that network
performance can be raised, even while using the same neural network structure.

Discussion
For achieve the objectives proposed in this research, two experiments were required. In
the first one, the performance of the QuickShift algorithm has been evaluated. The
results obtained show that the best F1-score is produced by applying QuickShift
with the same parameters on the two image datasets selected for this study with
73%, showing considerable mitigation of the cross-depiction problem.

Likewise, we needed to understand the optimal degree of simplification
(parameter-s) that the algorithm can achieve per artistic style in the Art Emotion
Wiki dataset, without losing the visual reference needed to recognize the emotion.
Thus, in the second experiment carried out, the best performance is produced with
Renaissance art (mean F1-score= 0.77, s= 12). On the other hand, the worst perfor-
mance was with contemporary art, with an F1-score= 0.40 and s= 6. This is
because the contemporary art category of the Art Emotion Wiki dataset is composed
solely of minimalist artworks, which are abstract images, and therefore have a high
level of simplification from their origin. The application of the QuickShift algorithm
on this sample produces a visual hyper-simplification that prevents the recognition

Table 5. Comparative Performance of Our Method Versus Similar Techniques.

Study

Technique

used

Cat.

#* Mtc. Training data Eval. Data Results

Yanulevskaya Manual 8 Acc IAPS (photos) IAPS 50% overall

Chen et al.

(2015)

CNN 8 TP

rate

Artphoto+ own

dataset

Photos ±70% overall

Campos et al.

(2017)

CNN 2 Acc. Twitter

DeepSent

dataset (photos)

Photos 83%

Lu et al. (2016) Domain

adaptation

2 Acc. IAPS (photos) Art 61%

Ours CNN 2 Acc. OASIS (photos) Art

(WikiArt)

77%* (73% overall)

Abbreviations: CNN = convolutional neural network; IAPS = International Affective Picture System; OASIS

= Open Affective Standardized Image; TP = true positive; Acc = accuracy.

*Best performance.
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of emotions. With parameter s>=4, the modern art, Renaissance, and post-Renaissance
typologies show similar performances. We have also found that if the s-parameter is
greater than 12, the image becomes too schematic to recognize emotions with the pro-
posed methodology.

As mentioned, modern art, Renaissance art, and post-renaissance art have similar
behavior, while contemporary art shows a statistically significant difference. This
has also been verified with the t-Welch test. The reason is the visual simplification
when QuickShift is applied and the representation style of the images. Modern,
Renaissance, and post-renaissance art have a similar level of figuration, while contem-
porary art, with minimalist artworks, has a higher level of abstraction in its image set,
which produces these statistics results.

Conclusion
As we have seen, in recent years, affective computing has considerably increased its
applications and study fields. However, it continues to present some problems and
uncertainties in the processes (Landowska, 2019). On top of this, there is the
problem presented by studying emotions and the number of variables participating
in their construction, as well as analyzing and studying communication strategies
via artworks to transmit emotions.

From a computational viewpoint, most of the tools which try to infer emotions do it
on a single study object. For example, if we center on the artistic field when the object
is painting, learning will not be applied to another art field. Our study has looked
deeper into this problem, proposing a novel methodology which allows for learning
emotions from a dataset with non-artistic samples and applying them in another
domain, in this case art.

This has been done using a deep learning architecture on a database of photographic
images without artistic classification, called OASIS (Kurdi et al., 2017), to then infer
emotions about the artwork database called WikiArt Emotion. The method thus makes
predictions about a set which is unknown to the CNN, as it was trained on another type
of image and emotions in the training process, which is a novel phenomenon.

Via the presented methodology, we were able to achieve F1-accuracy above 70% in
the task of classifying artworks in the sample used, except for contemporary art. The
poor performance of contemporary art can be explained by the works contained in this
category, which in the WikiArt Emotion Dataset include minimalist paintings. This
type of artwork is characterized by elimination of aesthetics, subjectivity, and
emotion by the artist (Best, 2006; Wolff, 2005), with only the “purest” elements
remaining, and a predominance of orderly geometric shapes. These artworks are
thus already simplified, so that after applying the QuickShift algorithm from our meth-
odology they become oversimplified, providing very different results by comparison
with other art categories.

The QuickShift algorithm also managed to reduce the cross-depiction problem pro-
duced when training a model on photographs and evaluating it with images from
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various art styles. Along the same lines, as shown in the results table (Table 2), the task
of learning patterns in the images with QuickShift increases performance. This is prob-
ably due to the decreased visual elements in the image, a process which occurs in the
first network layers, which facilitates learning and later emotional classification.

The proposed methodology is a novelty and can be significant in art-emotion rela-
tionship studies, from different areas of knowledge within the empirical aesthetics,
allowing to extract emotions from an image without a previous emotional model,
which opens wide research fields. Furthermore, we have analyzed how the image sim-
plification through the QuickShift algorithm can be an efficient way to simplify the
visual criteria of both the training set and the test set. As a result, it is possible to
use this methodology for the automatic detection of emotional recognition indepen-
dently of the artistic style applied in the creation of the artwork.

Limitations and Future Lines of Research
The results obtained present challenges and future action courses in the study field of
emotions associated with artworks. As we have seen, when handling highly schematic
work such as minimalist paintings, the proposed methodology is highly unsatisfactory
given the over-simplification of the images after processing with the QuickShift algo-
rithm. This presents limitations for automatic emotion recognition in images and art-
works with few stimuli, opening possible future research lines on the limits of
automatic emotion recognition.

Minimalist art is also characterized by its integration and interaction with the expo-
sition space (Best, 2006), which is an impediment for the model presented in this study
since two-dimensional images were used for training. Detecting emotions in three-
dimensional space is an unknown challenge in computational analysis (Zhao et al.,
2022).

Similarly, although performance improves with the QuickShift algorithm in the rest
of the analyzed artistic styles, and helps mitigate the cross-depiction problem, simpli-
fication of the images, leading to their uniformity, causes a loss of aspects which enrich
the communicative experience of the artworks, such as the rhythms in the brush-
strokes, the shades of colors, subtle compositional elements, etc., which calls into
question the information acquired with automated processes.

In this study, the use of emotions has been limited to a binary process of positive-
negative. In future studies, we can contemplate enriching emotional nuances in
artwork analysis.

Another limitation found in this study is the number of extant datasets which
contain a significant number of images for automation processes with emotions asso-
ciated with humans.

Data and Code Link
https://github.com/thomaswachterw/emotion-recognition-UAI.
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