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ABSTRACT

Choosing colors is a pivotal but challenging component of graphic
design. The paper presents an intelligent interaction technique
supporting designers’ creativity in color design. It fills a gap in
the literature by proposing an integrated technique for color ex-
ploration, assignment, and refinement: CoColor. Our design goals
were 1) let designers focus on color choice by freeing them from
pixel-level editing and 2) support rapid flow between low- and
high-level decisions. Our interaction technique utilizes three steps —
choice of focus, choice of suitable colors, and the colors’ application
to designs — wherein the choices are interlinked and computer-
assisted, thus supporting divergent and convergent thinking. It
considers color harmony, visual saliency, and elementary accessibil-
ity requirements. The technique was incorporated into the popular
design tool Figma and evaluated in a study with 16 designers. Par-
ticipants explored the coloring options more easily with CoColor
and considered it helpful.
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1 INTRODUCTION

Colors play a key role in the perception of a design. They guide
visual attention [25], evoke associations [15] and emotions [32],
are critical for accessibility [3], and speak to aesthetics [17]. For
designers, deciding on good colors is far from trivial. The designer
must choose and place colors such that all of these effects support
the purpose of the design at hand. For instance, a poster advertising
a tasty food should look aesthetic, render all relevant information
readily visible to the target audience, and stress tastiness. Explo-
ration is important in the process of achieving this. Because of the
multitude of requirements, which might even show mutual conflict,
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and the numerous ways in which colors can be combined and as-
signed to a given sketch, it is vital that designers be able to consider
a large number of options, iteratively [6].

With this paper, we elaborate on an intelligent interaction tech-
nique and computational approach developed to support rapid ex-
ploration of color designs. The work applied a structured approach
informed by scholarly understanding of color design. Proceeding
from prior work on color design and art [20, 22], we assumed that
designers operate via three steps: they extract color themes from
source materials, focusing on objects and salient areas [27]; create
palettes; and apply colors to the design at hand. The process is
iterative — seeing how a color palette works when applied to the
design can change the course of one’s thinking and spark new ideas
of possible avenues. Hence, designers’ rapid movement back and
forth between these steps should be supported. Consequently, our
approach supports exploration in three conceptual design spaces
and the transitions between them during color-design: a 1) focus
space, 2) palette space, and 3) colorization space. The aim behind
the design activity in progress drives the choice of focus. In the
example of advertising a tasty food, the notion “tasty” or an image
that the design ought to highlight might serve as the focal object.
In the shift to the next space, this focus informs the choice of colors.
For this step, designers often seek visual cues for translating the
description of the focus into visual form [49] or extract colors from
the focal image [22].

For highlighting the focus, the emerging design benefits from
combining reference colors in the most relevant parts of the image
[22] with suitable colors that match with these to create visual
interest and contrast [32]. Finally, in the colorization space, col-
ors are applied (assigned) to the layout. Visual inspection of the
colorization may inspire adaptation of the layout or of the color
choices, thereby prompting further iterations in the color-design
process. Even the choice of focus might well change. For instance,
attention to green tones could prompt a shift of the focus to the
healthful aspect of the tasty food.

Most tools for color design enforce separating the three steps
in the exploration process. Some systems make suggestions for
palettes [30, 39], advanced color pickers apply colors to artists’
digital paintings or images [31, 42-44], etc. Each covers only part of
the process. Meanwhile, no fully automated systems [8, 9] support
interaction at intermediate stages. Clearly, current tools do not
support rapidly iterating.

We address this gap by proposing CoColor?, a novel intelligent
interaction technique for color-schema design. Backed by a three-
pronged computational approach, it facilitates iteration by support-
ing 1) moving to the next step, through generating palettes from
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Figure 1: CoColor is an interaction technique that assists with the coloring of visual designs. It builds on a conceptual approach

to color design that follows three distinct steps in color exploration: 1) choice of focal object, 2) choice of color palette, and 3)
assignment of the palette to the design. Here, the technique is implemented for the popular design tool Figma: The designer
opens the Figma plugin and selects the frame for co-coloring (a). CoColor's interface presents a section showing the image
given focus (c), a list of palettes generated by various methods (d), and a preview of several new colorized designs (e). Users can
switch from the automatically detected focal image and in uence which elements to color (f), and they can Iter the results by
palette (g) or add palettes (h). Clicking a color suggestion (i) renders a new frame with the chosen color on the canvas (b). Image

Source: example design from Freepik.

focal objects (via state-of-the-art saliency models) and colorizing edit one of the designs o ered. A designer can arrive at the nal
the design case (by using palettes); 2) allowing designers to input color scheme more easily when provided with color palettes and
changes and additions within every step; and 3) suggesting multiple shown how they look when applied to the design in question.

high-quality outputs in every step, for selection and inspiration. For
this paper, the interaction technique was implemented as a plugin
for the popular Figma design tool; Figure 1 depicts our interaction
technique's operation in that setting.

CoColor employs the following ow: It begins by enabling the
designer to designate a focal object for the design (in the plugin
context, a graphical element or image). After CoColor received
the design and focal object, it detects the other elements of the
layout (size, location, text, etc.), and initiates the coloring process
by extracting colors from the focal object. Then, supplementary
matching colors are generated to complete the palette and a ord
interesting contrasts. From each palette generated, the system o ers
several potential color assignments, to ensure the designer's control
over every coloring decision and provide ne-grained decision over
which aspects/options to explore next. The designer may opt to
explore the generated palettes and corresponding colored designs
next, iterate over the palettes to obtain more options, or select and

The paper represents several contributions:

An intelligent interaction technique for color design. Rather
than automate coloring, it helps designers explore color
spaces rapidly. The approach builds on a three-step process
for iteratively picking relevant colors on the basis of focal
objects and applying colors to the graphical design.
Integration of CoColor into a real-world design tool as a
Figma plugin, backed by a full intelligent-coloring pipeline.
This extends from picking the focal color, through generation
of relevant palettes and assignment of colors to visible ele-
ments within a given layout, to nal rendering of compelling
and relevant colored designs, with auxiliary capabilities to
ensure legibility.

An in-depth controlled study attesting that participating
designers found CoColor useful, interacted in every design
space supported, and explored their coloring options with
greater ease.
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2 RELATED WORK

Established means of colors' extraction from images, colorization
methods, and tools for color picking provided the backdrop for our
work. These are summarized below.

2.1 Extraction of Colors from Images

2.1.1 Color antization. Color quantization is the process that
represents an image via a smaller set of colors. Among the common
methods for this mapping are clustering algorithms suctkasieans

[50 and a modi ed median cut {] over the pixels of an image

in the chosen color space. One use case for color quantization is
colors' extraction from inspirational materials, whether ar8g,

any kind ofimage R1, 24, or mixed media [L§. Developing a model
grounded in a study of how humans perform color quantization, Lin
and Hanrahan 7] veri ed that people tend to focus on salient areas
and populate their palettes of extracted colors with diverse colors.
Also, the palettes extracted from the salient areas received higher
ratings for their aesthetics. These ndings encouraged us to apply
state-of-the-art saliency models to focal images before quantization.
While color quantization serves picking a set of colors from an
image, the set of colors already present in the given image may not
su ce for a palette rich enough to meet a color design's numerous
requirements, from highlighting a focal image to dealing with the
various other elements of a layout.

2.1.2 Detection of Salient Aredan automated analogue of the
process by which humans manually choose colors from salient
parts of images27 requires computational saliency models. Many
state-of-the-art models employ deep-learning methods: DeepGaze |
[2€ predicts xation locations from the layer-speci ¢ outputs of an
already trained object-recognition model. Its approach uses a linear
combination of these outputs, blur, and a prior distribution to incor-
porate center bias (our tendency to look at the center of an image
rst). With DeepGaze IIE's advanceg, the developers combined
several object-detection models, to overcome the problem of any
single model's limited generalizability to di erent datasets. The
state-of-the-art model U2-ned[] is trained from scratch from a
suitable dataset for a slightly di erent task: detecting salient objects.
The goal is not to predict xations but to isolate the most salient
object entirely from the rest of the image. While the much more
lightweight U2-netp outputs similar results, it misses parts of the
object more often4(Q. Other projects pursuing speed bene ts have
turned to theory-based models rather than deep learning. For in-
stance, the spectral algorithm33, following the assumption that
redundant areas are of lesser interest, favors minimal redundancy
of information in the areas suggested. The ne grained algorithm
[17, in turn, applies a retina-based model to calculate saliency in
terms of dark areas surrounded by light ones avide versaA key
advantage over the spectral approach lies in providing very detailed
saliency maps. Figure 2 presents two example outputs for each of
the aforementioned models we explored, both deep-learning- and
theory-based.
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2.2 Identi cation of Matching Colors

Scholars have proposed several approaches for generating color
palettes. Patterns in color spaces such as relations of chroma, light-
ness, and hue frequently fuel generation of color themes. For in-
stance, palette design in researcti 30, 4§ and publicly released
tools? alike regularly apply templates to ensure that the colors in
the set are at speci ¢ angles to each other in a color wheel (a circle
representing a spectrum with similar hues adjaced[34). In
contrast, other methods learn palette models from datasets. These
have found preferences for cyans, warm colors, and gradients but
not for any color-wheel angles3g. Another data-based model, by
Kim and Suk 1], adjusts the lightness and saturation of a given
hue to match the desired mood. This was inspired by an empirical
model that predicts the popularity of two-color combinations via
chroma, lightness, and hue calculatior37. Though models for
color palettes' aesthetics, whether data- or theory-based, aid in
nding colors that match each other and data-based models hold
promise for generation of realistic palettes, those available today are
trained and evaluated from palette colors alone, without context.

2.3 Color Assignment

The next step is to assign colors from the palette to the elements of
the design. Applying a probabilistic approachd and the aforemen-
tioned harmony model37 in combination with Gestalt-laws-based
rules [23 has yielded aesthetically pleasing graphical patterns, but
these are limited to decorative shapes. Looking beyond patterns,
Gu and Lou 8] developed a generative design engine to apply
color palettes to web layouts by means of data-based models of
contrast, harmony, and semantics. The task of colorization is closely
related to color assignment, and there are many approaches to the
numerous use cases for assigning colors to grayscale images in com-
puter graphics 4. The ones tying in most strongly with our work

are semi-automatic methods such as transferring color from other
images or from written descriptions, often via color palettelq].
Colorization-based assignment for drawings, comics/manga, and
photographs 14 all have produced realistic and pleasing results;
however, each of these is a specialist domain, limited to speci c use
cases. In contrast, we sought versatility, to support designers with
many forms of graphic, websites, and user-interface (Ul) design.

2.4 Color-Design Tools

Many authors have proposed supporttools for coloring. One class of
these assists in evaluating color choices (e.g., Ou eB&8 dreated a
prototype for evaluating color schemes on the basis of color seman-
tics and harmony models). Another category helps designers avoid
color mismatch by constraining the colors available for selection.
An example is Hu et al's13 color-palette authoring tool, which
ensures that all colors used share at least one property ( familial
factor ) and that the spread for each other property shows equal
distances ( rhythm span ). Another constraint-based tool is ACE
[46], which helps guarantee only accessible color combinations.
Several assistance tools visualize color schemes in contexts other
than palettes. Exploring new forms of interaction with color pickers,
Shugrina et al. 44 introduced a color-scheme authoring tool that

25ee https://color.adobe.com/create/color-wheel and

https://paletton.com/ , both as accessed on October 13, 2022.
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Figure 2: An illustration from the range of saliency models. DeepGaze | and IIE predict xation location, U2-Net and U2-Netp
predict the region of the mail object, Spectral and Fine-Grained predict salient regions based on pixel-level features.

supports more versatile interactions with colors by considering
gradients of various sorts and presenting colors in the context of
a vector graphic. Meier et al3( developed a set of extensions
to Adobe lllustrator that allow one to browse palettes, adapt and
rearrange them, consult reference images, preview how one's color
choices look with geometric shapes, and even browse shades by
name to uncover a brown or sand which are unintuitive to
nd in a standard color picker. Devised in light of interviews with
designers, artists, scientists, and engineers, color portrai$ [
informed four interactive tools, for 1) interacting with palettes,
which are visualized in compositions of rectangles; 2) combining
colors with texture; 3) linking them with time (the history of color
options); and 4) using color to reveal a project's work process.
Whereas these tools illustrate the color scheme in graphics other
than the nal design, Playful Palette43 and Color Triad @2
enable color-mixing interactions and recoloring of existing artwork.
Also, the system of Mellado et aB[] lets one explore palettes for a
given image by setting up a graph structure; maps between colors
de ne constraints, which enable simper switching of colors, updates
to other colors, and interpolation between palettes.

An alternative approach is to generate and suggest design ideas.
A tool for exploring Ul layouts via sketching, Sketchploré con-
siders color so as to avoid visual clutter, facilitate visual search,
and o er color-harmony-based recoloring recommendations in line
with color-wheel templates. Meanwhile, Phan et 889 developed
a sorting and clustering algorithm for palettes and considered align-
ing suggested palettes with the user's work.

The emphasis across the landscape of color-scheme tools is con-
ned to picking colors based on color theory or from art. Authoring

tools that consider the graphical design at hand while also sup-
porting the full work ow of choosing and applying colors have
remained absent.

2.5 Automated Coloring

Prior work has led to systems that can automate coloring of graph-
ical designs. Vinci9] automatically generates poster designs when
given only the main image and text. It decides on placement, col-
ors, and embellishing of graphical elements and creates compelling
designs that fall short of human performance in relatively few
respects.

Furthermore, there are systems that account for semantics and
legibility requirements when automatically coloring magazine cov-
ers [19 and web designs§]. While these automate color design,
with only minimal designer inputs, we pursued a technique wherein
designers control the extent of their in uence over the nal result
and the steps for reaching it.

2.6 Summary

Extracting colors from images frequently serves the aim of rep-
resenting the colors via a smaller palette. This process typically
considers the whole image. Approaches that prioritize salient areas
show potential, however. A broad range of models both theory-
based and empirical exists for nding palettes with well-matched
colors, and techniques assign and apply colors from a palette to
the design elements in special cases such as patterns, websites,
and grayscale images. Dedicated approaches exist also to automate
the coloring of posters, websites, and magazine covers. Notwith-
standing these advances, no interaction techniques have yet been
proposed that combine these approaches to enable interactive ex-
ploration of the full coloring work ow for a given graphical design.
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Figure 3: Components of one speci ¢ scenario for a typical
coloring-design task.

3 AN INTERACTION WALKTHROUGH

The design of the interaction between the designer and the CoColor-
implementing Figma plugin constitutes a vital part of the contribu-
tion. We present the overall ow rst.

Work with CoColor begins with the designer choosing a focal
object, such as an image. This is the content around which the
color design is to be built; e.g., the focal image might be a photo-
graphlillustration of the product to be marketed via the graphical
design. In addition to the canvas speci cations and the focal object,
the interface expects further elements on the canvas, in the form of
visible componen(title, subtitle, decorations, corporate logo, etc.)
andmetadatgrecommended locations, sizes, and prede ned colors).
The product image, visible components, and metadata collectively
constitute the speci ed scenario for a typical coloring-design task,
as illustrated in Figure 3.

Step 1: Extract Base Palettes

Taking the focal image as the starting point for de ning the
initial color scheme guarantees its harmonious embedding in the
overall color design. Our technique utilizes diverse approaches
(described further along) to identify the key colors within this
image. For example, one might pick the colors used most within
those of the image's elements identi ed as salient. Another option
is to identify and remove the background, then pick the colors used
most in the foreground elements. Alternatively, statistical sampling
of the colors from all pixels enables identifying the median color
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Figure 4: Step 1 automatic extraction of key colors from a
given focal image.

Step 2: Extend the Palettes: For a well-rounded palette with
colors that suit the variety of elements in a typical design, additional
colors are needed. Generating these from a source di erent from the
focal image provides the contrast necessary to accentuate the image.
Feeding the existing colors to a color-harmony model ensures that
the extension matches the image and the base palette. Figure 5
presents a typical result from our technique's palette-extension
stage. Although the gure shows only the top recommendation,
our technique o ers a wide range of options from which to select
new colors. By default, CoColor extends the palette by one color,
but more may be added. Designers can use this feature to explore
the palette space beyond the focal image by requesting an extension
to user-de ned palettes.

Figure 5: Step 2 extension of the palette. Given a base palette
of colors extracted from the focal image, CoColor adds one
or more additional colors.

Step 3: Apply Colors to Graphical Elements : After the palette
extension, there are enough unique colors to cover all elements
encompassed by the design task. Speci c colors now get assigned to
speci ¢ elements, on the basis of several factors: CoColor accounts
for foreground elements' visibility against the background, in con-
junction with applying a novel assignment heuristic to balance

clusters in the image. These approaches produce distinct color the physical distance between every two visible elements with the
schemes, from which the designer may choose. We set the default logical separation of the colors assigned to those elements. The
number of extracted colors to 3, as shown in Figure 4's examples technique also considers the visual saliency of the focal image in

of extraction from the foreground of several focal images. This is
enough to represent most types of color harmoni/7 without
risking a cluttered look from adding more colors (though chosen
with care, this value for the parameter can be changed easily).

the resulting design. Varying the various governing factors' relative
weights yields a rich array of designs from a single color palette.
Figure 6 o ers an example; all these posters were created from one
palette.
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