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ABSTRACT 
Art images are characterized by affective properties that are 
rarely captured by current classification practices. We 
conducted a study to test three methods for developing 
affect descriptors for art images. The first method relied on 
affect tags derived from analysis of an image’s subject 
matter and colors. The second method involved affect tags 
derived from analysis of a viewer’s facial expressions of 
emotions associated with each image. The third method 
relied on affect tags assigned to an image by viewers. The 
strengths, limitations, and potential of each affect tagging 
method for art images are discussed.   

Keywords 
Art images, tag, tagging, affect, emotion, image 
classification, metadata. 

INTRODUCTION 
The growth of visual information necessitates development 
of methods for describing visual objects for effective 
access. While progress has been made in developing 
metadata schemas for visual objects (Choi & Hseih-Lee, 
2010; Hollink et al., 2004; Chen & Rasmussen, 1999; 
Jörgensen, 2003), many challenges remain, especially when 
describing art images. Art images are characterized by 
affective properties (Chupchik & Gignac, 2007; Eskine et 
al., 2012; Henrik et al., 2008) that are rarely captured by 
current classification practices. These affective properties 
have the potential to increase access to art collections and 
improve user engagement with them (Ciocca et al., 2011; 
Tschacher et al., 2012).  

We conducted a study to test three methods for developing 
affect descriptors for art images. The first method relied on 
affect tags derived from the analysis of an image’s subject 
matter and colors. The second method involved affect tags 
derived from analysis of a viewer’s facial expressions of 

emotions associated with each image. The third method 
relied on affect tags assigned to an image by viewers. This 
paper reviews existing methods for describing affective 
properties of art images and presents the study’s findings. 

RELEVANT LITERATURE 
“Most artworks are explicitly created to evoke a strong 
emotional response” (Yanulevskaya, et al., 2012, p. 349), 
yet an emotional dimension is still largely underrepresented 
in traditional art image classifications (a comprehensive 
review of traditional trends in image classifications can be 
found in Jörgensen, 1999). 

Previous research in image classification and visual art 
suggests several directions for developing affective tags. 
One of the means of developing affect attributes involves 
analysis of an image’s subject matter. For example, 
previous research found that positive affect is often evoked 
by “superficial” subject matter such as landscapes, still-life, 
nudes, or social events (for example, Van Gogh’s 
Landscape from Saint-Rémy, 1889; Kemp & Cupchik, 
2007, p. 75). Negative subject matter is often 
communicated in depictions of death, chaos, and generally 
more abstract works (for example, Manet’s Execution of 
Emperor Maximilian, 1867/1868; Kemp & Cupchik, 2007, 
p. 75). The work of Shatford (1986) Armitage & Enser 
(1997) and Klavans, LaPlante, & Golbeck (2014) illustrates 
how the analysis of image subject matter can lead to the 
inclusion of affect into an abstract facet of image 
description. For example, an image of JFK’s funeral can be 
described at a generic level as a funeral or death, at a 
specific level as JFK’s funeral, and at an abstract level as an 
image that communicates sadness.   

Another approach in developing affect tags involves 
analysis of viewer reactions to the image. For example, 
Jörgensen (1998) identified 12 classes of art image 
attributes and grouped them into perceptual (attributes that 
can be identified by looking at an image), interpretive 
(attributes that are based on a viewer’s opinion), and 
reactive (attributes that reflect an emotional or intellectual 
reaction of a viewer) aspects of an image. Using 
Jörgensen’s (1998) classification, an image of JFK’s funeral 
could have several affective tags associated with perceptual 
attributes (image of sad people), abstract concepts (death, 
sadness), and viewer responses (image evokes sad 
emotion). More recently Huang et al., (2015) proposed and 
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tested a conceptual framework for indexing image 
topicality. One of the facets in Huang et al. (2015) 
classification is “effect” of an image manifested in 
emotional and psychological reactions of the viewer to the 
image. For example, through analysis of art image tags 
generated by art librarians and art historians, the authors 
were able to classify the painting of A Young Woman and 
Her Little Boy (Bronzino, 1540) as cold and detached.  

In addition to describing emotions associated with the 
subject matter of an image, affective tags can be inferred 
from the visual elements used to create an image, including 
colors, lines, shapes, and textures. Yanulevskaya et al. 
(2012) classified 500 abstract paintings based on viewers’ 
emotional responses and found that bright colors generally 
evoked positive affect, while dark colors were associated 
with negative affect. The authors also found that smooth 
lines were generally associated with positive affect while 
chaotic textures correspond to negative affect. In a similar 
work, reserved or expressive painting styles were found to 
influence viewers’ emotions (Kemp & Cupchik, 2007). Art 
images painted in an expressive style, where shapes and 
bright colors are used to influence a viewer’s cognitive and 
emotional response, evoked negative emotions, especially 
when the image topicality was also negative (e.g., a scene 
of death).   

Additional visual elements that are used in art images to 
evoke emotions include the facial expressions of depicted 
subjects (Erdos, 2001), use of expressive gestures 
(Gombrich, 1982), use of chorus effect expressed through 
the reactions and expressions of a crowd within the painting 
to clarify its meaning (Gombrich, 1982). Some of these 
emotionally laden elements are used in experimental 
indexing and retrieval systems. For example, the Rijks 
Affects program (Mollen, 2014) relies on an algorithmic 
classification of gender (male, female), age, mood (positive, 
negative), and facial expression (happy, sad, neutral, 
disgust, anger, fear, surprise) characteristics of a subject in 
an artwork and matches them to the same characteristics of 
a viewer, derived from a video classification of viewer’s 
face (Figure 1).  

We designed a study to extend emergent research on 
affective dimensions of visual objects’ classification and 
explore several types of human- and auto-generated 
affective tags for art images. 

METHODS 
In an effort to understand the quality and processes 
associated with generating various types of affect tags, we 
compared three methods for developing affect tags for art 
images. The first method relied on manual classification of 
artworks based on subject matter and color analysis. This 
“mechanical” method based on explicit analysis of an 
image’s visual elements has potential to be coded into an 
algorithmic classifier of an image into an emotion category 
based on analysis of colors, lines, and other visual elements. 
However, before investing in a classifier, we were 

interested in examining the extent of which affective tags 
derived from visual elements’ analysis relate to user-
generated tags. For example, would an image classified as 
the one that evokes “negative” affect based on colors and 
subject matter analysis also evokes negative emotions in 
viewers? In order to test the quality of the first method, we 
developed a second method where we asked study 
participants to describe feelings they experienced while 
viewing study images. This approach is based on a popular 
concept of social tagging (Klavans, LaPlante, & Golbeck, 
2014; Hollink et al., 2004) and an idea that a viewer first 
perceives an artwork in its entirety before exploring its 
visual details (Arnheim, 1974). In the third method, 
affective tags were derived from analysis of facial 
expressions of emotions associated with each image. The 
affect detection approach for artwork classification was 
previously used by the Rijks Affects program (Mollen, 
2014) and can inform automated classifiers of artworks 
based on viewers’ emotional responses (similar work on 
automatic artwork classifiers is reported in Alelis, 2013). 

 

Figure 1. Example of Rijks Affects program retrieval 
interface (adopted from Mollen, 2014) 

 

As a way of testing the quality of this method, we examined 
relationships between tags that were automatically 
generated from a viewer’s facial reactions to artworks 
(FaceTags), the user self-generated tags (UserTags), and 
tags based on visual elements analysis (VETags).  

Image Sample and Visual Elements Classification  
A study sample was drawn from a pool of 522 digital 
images of artworks in the Dallas Museum of Art collection 
(Dallas Museum of Art, 2016). All 522 images were 
classified into “neutral”, “positive”, or “negative” affect 
categories based on the analysis of visual elements that 
were previously linked to affective dimension of art images, 
including a) subject matter (Kemp & Cupchik, 2007) and b) 
color (Yanulevskaya et al., 2012). The images were also 
classified into reserved and expressive styles (Kemp & 
Cupchik, 2007) to ensure representation of both styles in all 
three affect categories. 
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Initial classification was conducted by a group of 4 adult 
coders: two experts holding art history degrees and two 
novices who did not hold art history degrees or have 
training in the art history field.  

Subject matter was inferred from an image title (e.g., 
Portrait of a Woman in a Blue Turban, 1827, by Eugène 
Delacroix) and/or genre (e.g, Sleepy Baby, 1910, by Mary 
Cassatt - portrait) and scored as affectively “neutral” (e.g., 
landscapes), “positive” (e.g., portraits of happy people), or 
“negative” (e.g., depiction of death).  

Image colors were analyzed using the TinEye program 
(http://labs.tineye.com/color/) to determine three dominant 
HEX colors, their labels, and percentage in an image. Three 
dominant colors were mapped into associated affects based 
on prior research (e.g., yellows and greens were coded as 
“positive”, while dark browns and black colors were coded 
as “negative” based on previously reported research (Kaya 
& Epps, 2004; Terwogt & Hoeksma, 1995; Adams & 
Osgood, 1973; He, Qi, & Zaretzki, 2014). The most 
frequently occurring of the three-color affect associations 
was then used to classify the colors of an image as positive, 
negative, or neutral (see examples of positive and negative 
colors in Table 1 below). 

 

 
Ocean Park No. 

29; Richard 
Diebenkorn; 

1970 

 
Lot and His 
Daughters; 
School of 

Fontainebleau, 
16th cent. 

First dominant 
color/ 

hex#/ 

percent/association 

Jungle 
Mist(Green) / 

a9c0cf / 27.7% / 
positive 

 
 

Seal 
Brown(Brown)/ 

21170d / 38.80% 
/negative 

 

Second dominant 
color/ 

hex#/ 

percent/association 

Perano(Blue) / 
a4b8dc / 24.6% / 

positive 

 

Vanilla(Brown)/ 
d0b59f / 20.70% / 

neutral 

 
 

Third dominant 
color/ 

hex#/ 

percent/association 

Santas 
Grey(Blue)/ 

959eaa / 15.5% 
/neutral 

Hairy 
Heath(Brown) / 

633c26/ 13.70% / 
negative 

  

Dominant color-
affect association 

Positive Negative 

Table 1. Example of color analysis and associated 
affects 

The final visual element used in initial image classification 
was style (Kemp & Cupchik, 2007). Images with non-
expressive colors, smooth lines, and rigorous composition 
elements, such as perspective and salience, were classified 
as reserved. Images with bright colors, sharp lines, and 
visible brushstrokes were classified as expressive (examples 
of landscapes in expressive and reserved styles can be 
found in Table 2 below). 

Expressive 

 
Three Peaks, William Lester, (ca. 

1950-1955); bright colors; 
complex lines; visible brush 

strokes 

 

Reserved 

 
The Fountain of 

Vaucluse, Thomas 
Cole, 1941; reserved: 
non-expressive colors, 
smooth lines, rigorous 

composition (clear 
perspective, salience) 

 

Table 2. Examples of expressive and reserved 
landscapes 

A cumulative affect score for each image was created based 
on subject matter and color-based affect scores. Ninety 
images, 30 images in each affect category with the highest 
inter-coder agreement (Cohen’s Kappa ≥ .7) were selected 
for the study. Remaining images also received medium to 
high inter-coder agreement scores (Cohen’s Kappa .4.5-.7), 
but were not required for the viewers’ tagging described 
below. Within each affect category, we aimed to include 
images that varied by style (expressive and reserved), genre 
(e.g., portrait, landscape, group scenes, still lives), color and 
art movements (e.g., abstract, realism, impressionism). The 
list of artworks included in the study can be found on the 
author’s website       
(https://irenelopatovska.wordpress.com/research/).  
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Image Classification by Viewers 
Sample images were randomized and uploaded into the 
three Google forms, each containing 30 different artworks, 
10 in each affect category. The Google forms were used to 
present artworks to participants, one image per survey page. 
Image titles were not displayed to minimize influence on 
participants’ initial emotional responses to the artworks. 
Participants were asked to describe their feelings associated 
with the artwork by choosing one or more emotion tag(s): 
angry, sad, scared, happy, surprised, and neutral. The six 
emotion tags were informed by the list of seven basic 
universal emotions (Ekman, 1992). “Disgust” was excluded 
from the list of survey options as we did not expect 
participants to react at such a level of intensity to presented 
images. For each image, participants were also given an 
option to enter a free text comment. 

Seven participants were recruited for the study: two 
participants identified themselves as art experts (having Art 
History or related degrees), two participants identified 
themselves as having an intermediate knowledge of art 
(visual art hobbyist), and three identified themselves as art 
novices. In distributing the surveys to participants, we 
ensured that each survey collected responses from one 
novice and one art expert or intermediate-level participant. 

Classification Based on Emotion Detection 
Participants were asked to review images and identify their 
emotional responses in online surveys administered in a lab. 
Each survey session was recorded using TechSmith Morae 
software. The video feed of participants’ facial expressions 
was extracted from Morae and ran through the Nodlus 
FaceReader software which classified each video frame into 
7 basic emotion categories. Using timestamps data, emotion 
tags extracted from a facial expression analysis were linked 
to images. Post hoc analysis of Morae data indicated that an 
average duration of viewing a single image and selecting 
and/or typing appropriate emotional tag was 16 seconds, 
with the first 5 seconds on average spent viewing the 
artwork.  Since the most frequently occurring emotional 
expression was “neutral”, the second most frequently 
occurring non-neutral emotional expression during the first 
5 seconds of image viewing was chosen to represent the 
dominant emotional response to an image. Cases with equal 
durations of several not-neutral expressions and not a single 
dominant non-neutral expression were classified as 
“neutral.”  

Data Analysis 
A total of 210 unique image viewing cases were analyzed 
(30 images per each of the seven participants). Cohen’s 
Kappa tests were performed to determine levels of 
agreement between VETags, UserTags, and FaceTags 
variables. All three variables were created using a nominal 
scale. The VETag variable was created on a 3-point scale 
(neutral, positive, negative), while the other two variables 
were created using 6-point scales (angry, sad, scared, 
happy, surprised, and neutral). For the tests that compared 

3-level variables to 6-level variables, UserTags and 
FaceTags emotion variables were re-coded into a 3-point 
affective scale. Neutral and surprised tags were re-coded 
into neutral category (e.g., surprise could be associated with 
positive and negative affect), angry, sad, and scared were 
re-coded into a negative category, and happy tags were re-
coded into a positive category. Fifty-five free text 
comments from participants were coded into ‘positive’, 
‘negative’ and ‘neutral’ categories and used in 
interpretations of UserTag and FaceTag variables.   

FINDINGS 
Table 3 illustrates the distribution of positive, negative and 
neutral affect tags across the three methods of generating 
tags from 1) analysis of visual elements of an image 
(VETag), 2) viewers’ self-reports (UserTags variable), and 
3) analysis of viewer’s facial expressions (FaceTags). 

 VETags FaceTags UserTags 

Neutral 70 
(33%) 

117 (63%) 99 (47%) 

Positive 70 
(33%) 

62 (33%) 110 (52%) 

Negative 70 
(33%) 

7 (4%) 27 (13%) 

Total  210 186 210 

Table 3. Distribution of positive, negative and neutral 
affect tags across the three methods of tag generation. 

Table 3 shows that VETags are intentionally evenly 
distributed among the three affective categories for the 
purpose of creating a balanced sample of images that, based 
on visual elements analysis, were expected to evoke 
positive, negative, and neutral feelings. In the case of 
FaceTags, the FaceReader software was unable to classify 
all emotion expressions due to head movements and partial 
facial coverage (e.g., glasses, facial hair). Out of the total 
210 image viewing instances, only 186 were classified by 
FaceReader and included in the analysis. The most frequent 
interpretation of a participant’s facial reaction to an image 
was neutral (63%). We experimented with analysis of 
different time intervals of user reactions to an image (e.g. 
moved the frame from 0-5 sec to 2-6 sec and 3-7 sec of 
viewing), but reached similar results – the most frequently 
occurring emotional response manifested in the facial 
expression and recognized by the FaceReader was 
“neutral”, followed by “positive” (33%), and “negative” 
(4%). Distribution of the user-generated tags shows a high 
frequency of positive responses (52%), followed by neutral 
(47%) and negative (13%).  

The differences between the three tag-generating methods 
were further confirmed by tests of agreements between the 
three types of tags. Cohen's Kappa test was performed to 
determine the level of agreement between VETag and 
UserTag values. Based on the guidelines for interpreting 
kappa value (Altman, 1999), there was fair agreement 
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between the two values, κ = .32 (95% CI), p < .001 
(Altman, 1999). The result suggests a fair agreement 
between affective tags derived from analysis of an image’s 
visual elements and viewers’ self-identified emotional 
responses to artworks. 

Cohen’s Kappa test on UserTags and FaceTags indicated a 
fair level of agreement between the two variables, at k = .25 
(95% CI), p < .001. Cohen’s Kappa test on VETags and 
FaceTags indicated a slight level of agreement between the 
two variables, at k = .07 (95% CI), p > .05. These results 
suggest that tags generated from the viewers’ facial 
expressions had a fair level of overlap with the viewers’ 
self-generated tags and there was a slight overlap with the 
tags based on an image’s visual elements. 

We also examined agreements between UserTags and 
FaceTags values generated by different participants. 
Cohen’s Kappa test on UserTags indicated a fair level of 
agreement between the two participants, at k = .39 (95% 
CI), p < .001, suggesting a fair overlap between self-
identified emotional reactions to the same image by 
different viewers. Cohen’s Kappa test on FaceTags 
variables indicated a poor level of agreement between the 
two participants, at k = -.03 (95% CI), p > .05, suggesting a 
poor agreement between tags derived from facial 
expressions of different viewers to the same image. 

DISCUSSION AND FUTURE DIRECTIONS 
This section aims to assess the three methods of affective 
tagging in terms of a tag generation process, quality, 
limitations and directions for future research.  

Visual Elements-Driven Classification  
Tagging art images based on analysis of visual elements 
was the most time-consuming of the three discussed 
methods. We felt confident about inferring affective tags 
from artworks’ subject matter analysis—this method is 
grounded in previous studies (Huang et al., 2015; Klavans 
et al., 2014; Kemp & Cupchik, 2007; Shatford, 1986) and is 
already used by some art collections (e.g., the Tate’s 
website supports collection browsing by emotion tags that 
are extracted from the text of image title and curatorial 
notes (“Search art & artists”, n.d). (See Figure 2).  

During the initial classification, we were less confident in 
assigning affective tags based on image colors. Many 
previous studies examined emotion associations to single-
colored samples taken out of context. Associating colors to 
particular emotions in the context of complex stimuli such 
as an art image is more challenging and requires more 
research on relationships between artwork colors and 
emotions.  Previous research has also often linked the same 
color to multiple emotions (e.g., red has been linked to both 
negative and positive feelings (Kaya & Epp, 2004), making 
it difficult to assign a single affective valence to a color. 
While we identified the three most dominant colors of an 
image and classified these colors into affective categories, 
future work should consider examining the most unusual, 

brightest, and/or least present colors as representations of 
image emotionality (relevant research on identifying 
“relevant” image colors can be found in life logging 
research of Duane et al., 2016). 

 

 

Figure 2. Example of the emotion search filter features 
of the Tate’s website (Tate, 2016) 

Overall, we think that further examination of methods for 
deriving emotion tags based on analysis of artworks’ visual 
elements offers a promising line of research. Automated 
analysis of an image’s subject matter, color, line, subjects’ 
facial expressions and other elements can offer an effective 
solution for classifying large image collections. Our 
analysis also indicates a fair level of agreement between 
tags derived from visual element and user-generated tags, 
pointing to the similarities between expected emotional 
reaction to individual elements of an image and a holistic 
user emotional response to an image. Future research will 
focus on developing an algorithm that would weight 
different visual elements in determining the image 
emotionality. 

Image Classification by Viewers 
Deriving affective tags from viewers’ self-reports offers a 
way to expand existing image descripts1 and engage virtual 
visitors with artworks at a new level. In our study, we used 
a crowdsourcing approach based on user voting for already 
available tag options, including an option to add text 
when/if necessary. While free-text tagging might be more 
engaging for users, structured or semi-structured tagging 
might offer a more systematic method for collection 
description and access (Klavans et al., 2014; Bar-Illan et al., 
2008). While we relied on the basic universal emotion 
labels to describe viewers’ emotional responses to images, 
other options for describing emotional and/or aesthetic 
responses to artworks should be explored.  

In discussing the quality of user-generated tags, we should 
also note a number of disagreements in emotional responses 

                                                             
1 For discussion on the differences between social tagging 
and expert descriptions of artworks see Trant (2006).  
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of two or three viewers to the same image.  For example, an 
image of Lot and His Daughters (School of Fontainebleau, 
16th cent.) evoked negative and nervous reactions in one 
viewer and happy and funny feelings in the other viewer. 
Such discrepancies in viewers’ perceptions can be 
attributed the mood prior to image viewing, knowledge of 
art history, and other variables that affect perception and 
interpretation of an image (Cupchik & Gignac, 2007; 
Cupchik & Wroblewski-Raya, 1998). Based on our results, 
and recent progress in the use of social tags for artwork 
classification (Chae et al, 2016), we find the social tagging 
method for generating affective tags promising, and 
recommend that the future work takes into account the 
complexity and dynamic nature of emotional responses to 
visual artworks (e.g., support multiple choice and/or rated 
tag options; solicit viewers’ emotional states prior to 
tagging. Additional examples can be found in (citation 
removed to ensure author’s anonymity). 

Classification Based on Affect Detection 
In our study, affective tags derived from the analysis of 
participants’ facial expressions were associated with the 
highest levels of disagreement a) among different 
participants, b) with tags derived from visual elements, and 
c) with user-generated tags. For example, the image of 
Lighthouse Hill by Edward Hopper (1927) (classified as 
“positive” based on visual elements and self-report tags) 
was associated with the facial expressions of “disgust” in 
one participant, “happy” in the other and “neutral” in a 
third. While automatic emotion recognition method offers 
many opportunities in mobile and/or social media 
environments (e.g., it can enable collection browsing by 
analyzing facing expression—see Mollen (2014) and Caon 
et al. (2014) the accuracy and completeness of facial 
expression classifier is far from perfect and should provide 
a viewer with an option to correct system’s output. 
Additional discussion on the factors that affect the accuracy 
of automatic emotion classifiers can be found in 
Lopatovska and Arapakis (2011). 

CONCLUSION 
In recent decades, progress has been made in regards to 
developing metadata standards for non-textual objects, such 
as images (Choi & Hseih-Lee, 2010; Hollink et al., 2004; 
Chen & Rasmussen, 1999; Jörgensen, 2003) and sound 
(Kaminskas & Ricci, 2012; Yang et al., 2008; Zentner et 
al., 2008; Daimi & Saha, 2014). Our study expands on 
previous research involving innovative description and 
access features for image collections by examining three 
methods of developing affective tags for art images. We 
found that each of the tested methods has unique strengths 
and limitations. For example, facial recognition of viewers’ 
emotions or analysis of an image’s visual elements can 
enable automatic tagging of art images; however, more 
work is needed to ensure the accuracy and completeness of 
such tagging. Social tagging can offer an engaging way for 
viewers to describe their feelings and interact with a 
collection but the design of this feature should support 

diversity and the changing nature of emotional responses 
associated with such complex stimuli as artworks.  

Emotion is an important dimension of artworks: it can be 
used to capture attention, generate discussion, create 
memorable experiences and increase user engagement 
(O’Shaughnessy & O’Shaughnessy, 2002; Ciocca et al., 
2011; Tschacher et al., 2012). The benefits of capturing an 
emotional dimension have been recognized in music (Yang 
et al., 2008; Bischoff et al., 2009; Kaminskas et al., 2012) 
and photographic collections (Knautz, Sibenlist & Stock, 
2010; Schmidt & Stock, 2009; Neal, 2010; Rorissa, 2010). 
We hope that our findings encourage more experimentation 
with emotion in the art collection domain. 
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