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1 Introduction

Studying the cloth coloring has diverse application for social scientist and psy-
chologists, historians and painting curators and also fashion designers. The ref-
erences of such studies cannot be limited by pictures as paintings are the only
visual sources from older eras. The history of color is full of instances on how
and why certain colors are associated with particular concepts or ideas. These
concepts vary from emotions, status and prestige to power and politics.

Occasionally, the connotations occur arbitrarily, like in the instance when
pink was assigned to baby girls, and blue started to be associated with baby
boys at the turn of 19th Century [17]. However there are times where the color
associations have very tangible reasons, such as in the case of Marian blue and
why over the centuries it was reserved only for the paintings of Virgin Mary.
Many examples are given in fig. 1 on the following page. The reason is to be
found in the scarcity of the rock lapis lazuli -even more valuable than gold-,
from which the blue pigments were extracted. Individual colors have convoluted
and contested histories, since they have been attached to many symbols at any
given time. John Gage, an art historian who has devoted 30 years of research on
the topic of color, explains the conundrum of what he terms as “politics of color”
in a simple fashion: “The same colors, or combinations of colors can, for example,
be shown to have held quite antithetical connotations in different periods and
cultures, and even at the same time and in the same place.”[7].

The purpose of the present study is to introduce a method for automat-
ically extracting color distributions and main colors of paintings, as well as
color schemes of people in paintings. By visualizing these over time for cross-
referencing with historical data will reveal changes of how particular colors were
used in a given time period and culture. In this study, we will look at artworks
to find out whether certain colors or tones are associated with a specific sex, and
if these connotations change over time. To that end, we apply algorithmic tools
to process very large datasets automatically, and information visualization tools
to depict the findings.
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(a) Madonna by Don Lo-
renzo Monaco, 1410

(b) Madonna im Rosen-
hag by Stefan Lochner,
1448

(c) The Virgin in Pra-
yer by Giovanni Battis-
ta Salvi da Sassoferrato,
1640

(d) Granduca Madonna
by Raphael, 1505

(e) The Rest on The Flight
into Egypt by Gerard Da-
vid, 1510

(f) The Virgin and Child
by Sandro Botticelli 1480

Fig. 1. Color blue has been used frequently for Virgin Mary

2 Related Work

Today, major cultural heritage collections are available online. Digitization and
preservation of artworks is an important occupation of museums and cultural
heritage institutions, as well as many Digital Humanities projects. Part of such
digitized collections are made available to further computer vision research to
scrutinize art historical questions. Such collections are usually enriched with
meticulously tagged meta data about the origins of each artwork. However, these
datasets do not provide comprehensive gender annotations. For example, Ri-
jksmuseum’s arts database has a wide selection of categories with rich metadata
that is primarily about the art objects themselves, but without any reference to
what these artworks hold[13]. Automatically determining whether a sitter of a
portrait is female or male in a painting is not an easy task.

Several publications have appeared in recent years with the aim of automatic
gender recognition. The survey by Ng et al. described a variety of approaches on
gender recognition in natural images [15]. [24] proposed a practical and effective
method for automatically detecting faces in natural or man-made images. Once
the face is detected, a supervised classifier is used to determine whether it belongs
to a male or female. This requires the ground truth annotation of a large number
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of face images, from which the automatic classifier learns the visual boundary
between these two classes.

There has been focused studies to address face recognition tasks on artistic
images [23]. For the purposes of face detection, mainstream algorithms per-
form sufficiently well on paintings that are of interest for this study. Automatic
male/female classification is not perfect, it will occasionally get confused and
produce an incorrect label. However, over thousands of images, a small number
of individual errors will not prevent us from seeing the general patterns of color
usage with males and females.

3 Methodology

In this study, the aim is to analyze the trends of clothing color in different peri-
ods, separately for males and females. For this purpose, we work on a database of
paintings, for which the era (or date) is provided, and we seek to annotate each
image with the gender of the depicted person, as well as a rough segmentation
of the area of the clothing. The general workflow of the proposed approach is
depicted in fig. 2.

Fig. 2. The workflow of the proposed approach
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3.1 Metadata - Database

Today, major cultural heritage collections are available online. Digitization and
preservation of artworks is an important occupation of museums and cultural
heritage institutions, as well as many Digital Humanities projects. Part of such
digitized collections are made available to further computer vision research to
scrutinize art historical questions.

Such collections are usually enriched with meticulously tagged meta data
about the origins of each artwork. However, these datasets do not provide com-
prehensive gender annotations. For example, Rijksmuseum’s arts database has
a wide selection of categories with rich1 metadata that is primarily about the
art objects themselves (see table 1), but without any reference to what these
artworks hold [13]. Automatically determining whether a sitter of a portrait is
female or male in a painting is not an easy task.

Table 1. Some samples from Rijksmuseum meta data are below. Number of meta
information and context vary between different art samples.

Title Date Subject
Portret van Jan Valckenburgh 1660 Valckenburgh, Jan
Portret van een jonge man 1675 - 1685 Alphen, Simon van
Portret van een meisje 1623 —
Portret van een man 1540 - 1550 —

Nowadays, great number of museums provide their cultural heritage as on-
line open and Linked Data. Having online access to their collection is not only
beneficial to preserve artwork but grant the possibility of easy cross-referencing,
interlinking and integration with other data sets [6].

In this study, we utilize Rijksmuseum’s arts database2 [14], specifically the
paintings as a substitute of human photos, to study the trend of cloth color
through middle ages and onward.

The collection we use in this study, contains 112039 digital images of painting
and prints of great artists such as Rembrandt to anonymous painters,miniatures,
nineteenth century photographs, ceramic and furniture, silverware, etc. The im-
ages are saved at 300 dpi with sizes ranging between 2 to 5 megabytes in jpeg
format with a corresponding xml file that contains its metadata. This metadata
contains information like title, dates, painter(see table 1).

In utilizing this dataset and the metadata in our study, we have been facing
two main challenges. First challenge is selecting the portrait paintings within
the variety of object images. To overcome this obstacle, we use a face detection
approach ... Second, as mentioned previously, the annotation of paintings has no
information on the elements of the artworks. Therefore, determining automati-

1 Number of meta information and context vary between different art samples.
2 https://www.rijksmuseum.nl/en/api
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cally whether a sitter of a portrait is female or male in a painting is a quest to
accomplish.

3.2 Gender recognition

Humans use a vast variety of cues to determine sex; gait[2], body shape[4],
and smell[21] among many others. However, many studies [3][5][22] and now
decades old trend of using face images for gender recognition, show that one of
the strongest stand-alone cue still remains the face. Considering our source is
paintings, we will join the trend and use state of the art methods for gender
recognition from facial images.

There are many publications from recent years with the aim of automatic
gender recognition. The survey by Ng et al. described a variety of approaches on
gender recognition in natural images[15]. [24] proposed a practical and effective
method for automatically detecting faces in natural or man-made images. Once
the face is detected, a supervised classifier is used to determine whether it belongs
to a male or female. This requires the ground truth annotation of a large number
of face images, from which the automatic classifier learns the visual boundary
between these two classes.

We have performed classification of the perceived sex from the face images.
This process is commonly called Gender classification in computer vision – not
to be mixed with characteristics of masculinity, femininity or sex organs, but
what is perceived solely from the face rectangles on the paintings.

For this purpose we have prepared a test dataset of face images from Ri-
jksmuseum paintings and three training datasets of face images: 10k US Adult
Faces[1], Labeled faces in the wild[9] and in an approach similar to Jia’s work[10],
we have generated our own IMDB dataset. IMDB dataset images are collected
using the Google Image search, using actor and actress names as queries. In
total, 5600 male and 5300 female faces were downloaded.

3.2.1 Face detection and alignment None of the datasets have gender
annotations, and hence we have performed face detection and facial landmark
extraction methods in [24], first, then hand-clean face detection and landmark
extraction results against false positives and validate gender information (for all
10k US Adult Faces dataset and LFW dataset we had to manually annotate each
image, but also Google Image search results for IMDB dataset are not perfectly
robust, and hence IMDB dataset also had to be verified). Then we have aligned
the faces to a mean shape [8] and transformed our arbitrary images and paintings
to face rectangles that are aligned with respect to each other.

3.2.2 Face features and gender classification We have extracted features
that are resistant to illumination effects [16]. We then train a classifier using the
sequential minimal optimization (SMO) method [18].

The biggest challenge for evaluating gender recognition performance on the
paintings is to make sure the ground-truth gender data are actually correct
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Table 2. Gender recognition performance on Rijksmuseum. All results are comparable
and best (by small margin) is acquired with simplest features with only IMDB dataset

IMDB IMDB and 10k IMDB, 10k and LFW

LBP&RDF 76.35% 76.94% 71.96%
LBP&SMO 80.66% 76.41% 76.25%
VGG&SMO 78.14% 76.54% 77.54%

and accountable [12]. From our experience, this demanding task requires a full
view of the painting, rather than just the detected face, which can easily be
misinterpreted by itself. We have prepared a short list of examples on incorrectly
classified paintings to remark how facial rectangle by itself can be tricky in fig. 3.

Results of some combinations of the datasets, features and classifiers are
given in table 2. We could reach above 75% accuracy on paintings, just by using
photographs of actors and actresses in the training of the system. When we have
attempted different features and classifiers, it became obvious that we have hit
a ceiling at 75-80% and need extensive study for any significant improvement.

(a) Female sitters of assigned to male

(b) Male sitters assigned to female

Fig. 3. Sitters of portrait paintings assigned to wrong sex

3.3 Cloth color segmentation

Portrait paintings that are completely focused on the sitter’s face have still a
lot of background noise that disrupt the color representation of the paintings
(see fig. 4 on the facing page). Our hypothesis is that color representation, when
focused on the clothing of the model, will still reflect the color scheme that is
associated with the gender of the sitter.
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(a) Portret van een jongetje met een bok (b) Isabella Clara Eugenia van Habsburg
(1566-1633).

(c) Portret van Ambrogio Spinola (1569-
1630).

(d) Portret van een man

Fig. 4. Extracted palette before and after coarse segmentation

Majority of the paintings have non-clothing material, for example: back-
ground color, skin color. This can be remedied by a coarse segmentation of
the garb (see fig. 4).

We used the GrabCut approach [19]. In this method, a user defines the area
of interest, as well as foreground and background “seeds” for the segmentation.
In our study, background and foreground are initialized using face landmarks.

3.4 Color Quantization (palette)

Once we have a feeling on which pixels contain the color of the clothing, next
challenge rises: deciding the color of the clothing.

We have used Imofa[20] to cluster the segmented area into a color palette
with weights. For visualization purposes, we only use the color with highest
weight - from now on called dominant color.

Colors that simulate all three receptors equally are perceived as black, gray
or white - achromatic colors[11]. Chromatic colors can be represented in the
hue axis of Hue Saturation Intensity color space. However, it is not possible to
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represent achromatic colors in Hue axis; and therefore we use Hue axis chromatic
dominant colors, and Value axis for achromatic dominant colors.

s =
max(r, g, b) −min(r, g, b)

max(r, g, b)
(1)

We have used saturation given in equation (1) to split dominant colors into
achromatic and chromatic ones. Through trial and error, a threshold of 0.1 is
decided for this split, although viewers can adjust this threshold freely on the
provided web interface.

Therefore, we have visualized the paintings with two exclusive color feature
vs year; Hue and Value. This plot per gender can be found in fig. 5.

Fig. 5. Website view with chromatic color threshold s = 0.1

4 Conclusions and Outlook
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