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Data-Driven Colormap Adjustment for
Exploring Spatial Variations in Scalar Fields

Qiong Zeng, Yongwei Zhao, Yingiao Wang, Jian Zhang, Yi Cao,
Changhe Tu, Ivan Viola, and Yunhai Wang

Abstract—Colormapping is an effective and popular visualization technique for analyzing patterns in scalar fields. Scientists usually
adjust a default colormap to show hidden patterns by shifting the colors in a trial-and-error process. To improve efficiency, efforts have
been made to automate the colormap adjustment process based on data properties (e.g., statistical data value or histogram distribution).
However, as the data properties have no direct correlation to the spatial variations, previous methods may be insufficient to reveal the
dynamic range of spatial variations hidden in the data. To address the above issues, we conduct a pilot analysis with domain experts and
summarize three requirements for the colormap adjustment process. Based on the requirements, we formulate colormap adjustment as
an objective function, composed of a boundary term and a fidelity term, which is flexible enough to support interactive functionalities. We
compare our approach with alternative methods under a quantitative measure and a qualitative user study (25 participants), based on a
set of data with broad distribution diversity. We further evaluate our approach via three case studies with six domain experts. Our method
is not necessarily more optimal than alternative methods of revealing patterns, but rather is an additional color adjustment option for

exploring data with a dynamic range of spatial variations.

Index Terms—Colormapping, Scientific visualization

1 INTRODUCTION

Colormapping is one of the most effective techniques for visual-
izing scalar fields, such as temperature in meteorology, density in
physics, and diffusion in aerodynamics [3], [4]. A good colormap
clearly reveals patterns of interest in data, while an improper
one produces vague and even misleading effects [5]], [6]. When
designing a good colormap, analytical tasks (e.g., locating values
and understanding data trends) need to be considered [1], [2]],
[7]. A good colormap is typically customized for specific tasks
by manually adjusting the colors of a default colormap using
existing visualization tools (e.g., ParaView [8]]). However, this
design process is often tedious and time-consuming.

The most challenging issue for colormap design is that data
distribution does not always match well with color distribution.
For example, most of the values in Fig. [I[a) are located in the
lower data range, but the encoding colors there are limited. To
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improve the efficiency of colormap design, several automated
colormap adjustment methods have been proposed. These methods
automatically shift more colors to a specific range of values based
on the data properties (e.g., statistical data value or histogram
distribution [[1]], [2]). In this way, more information in those data
ranges can be revealed. However, meaningful information is not
always consistent with the data properties, e.g., higher values
in the data may be noises rather than meaningful features (see
Fig.[T[c)). In our study, we use the phrase “meaningful features” to
refer to gradual spatial variations, which indicate data transitions
between different materials or regions [9]]. The highlighted regions
of Fig.[I|cover gradual spatial variations that are located in multiple
data ranges and are not necessarily correlated to data properties
such as statistical data values. Additionally, existing methods may
cause noticeable color changes when the majority of the data is
distributed within a very limited data range. In this case, the most
representative colors are condensed to the data ranges with high
quantities, leaving the less discernible colors to encode to other
data ranges.

To address the above issues, we revisit the colormap adjustment
process under the guidance of domain experts who advised
three requirements: spatial gradual variations (R1), colormap
preservation (R2), and flexible interactive explorations (R3). We
formulate a mathematical energy function under the constraints of
gradual spatial variations (R1) and color consistency (R2), with
the parametric positions of the control points on a colormap being
independent variables. Control points refer to several sampled
constant colors and their corresponding parametric positions on
the input colormap. More specifically, we leverage a classic
boundary model [9]] to calculate spatial variations, since it has
the advantage of correlating spatial variations to parametric data
values. Benefiting from this model, our approach enables users to
explore different spatial variations through a controllable boundary-
emphasis function. To minimize color changes between the input



SUBMITTED TO IEEE TRANSACTIONS ON VISUALIZATION AND GRAPHICS 2

Fig. 1: Computer tomography (CT) data of the lower extremity visualized with different colormaps.gf@yAolormap used in medical
visualization, where the boundary characteristics in the highlighted regions are not clearly revealed. (b) By shifting the input colormap
according to statistical metadata (mean) [1], information in the middle of the data range is lost. (c) By applying histogram equalization [2]
to shift the colormap in (a), soft tissues in the lower extremity are emphasized; however, variations in the patella and shin bones are
depressed, and the noisy background is overemphasized. (d) By adjusting the colormap in (a) with our method, the variations in the soft
tissues and bone structures of the lower extremity are revealed.

and the adjusted colormap, we calculate color consistency wiitli Colormap Design in Visualization

a cumulative arc length function and preserve color orders usin

a nonlinear bounding constraint. Our formulation is very exiblérﬁe colormap is among the most |mportant V'§ua|, enchmgs for

and supports interactive functionalities (R3), including bounda?alar data. To observe patterns of interest, suentls_ts e|ther select

exploration, regions-of-interest, and control point customizationd c0lormap byl_?reference, or adjust _atcolorlmap in a trl?l-a;?-
We evaluate our method with quantitative and qualita’tiv%rror process. However, an inappropriate colormap may fead to

comparisons to existing methods, and conduct three case stufliRy performance in visualization [11] or even produce misleading

to demonstrate its effectiveness in revealing spatial variations. We' acts [6]. The visualization community has established vast

demonstrate that introducing spatial variations into the colorm@) %l:/gtsiiogt(:eo::%rloitrf;gn dgg;dsl'Z?;eﬁggsrgizs;;te;éw;gi;iﬁr']c;n’
adjustment process can help resolve hidden gradients, especiall ¢ 9 P ang P

data with high-dynamic-range gradients and skewed distributio &SIgh measures. We_refer readers to prior I|_tere}.ure_[12_], [13],
Our automatic approach serves as a good starting point for ¢ %4] for a complete review of colormap design in visualization.
design, and its interactive functionalities are necessary for furtfeplormap Design Guidelines.As stated above, there is a wide
data exploration. Compared with existing methods, our methodkgdy of empirical and well-veri ed colormap design guidelines es-
not offered as more optimal for revealing spatial variations, btablished by the visualization community [15], [16], [17], [18], [19].
rather is an additional color adjustment option for exploring dafhese design rules were uni ed in nomenclature and integrated into
with a dynamic range of spatial variations. a theoretical framework recently by Bujack et al.|[20]. The authors
The core method was brie y introduced in Zeng et Al.|[10Fategorize design rules as perceptual, mathematical, or operational
In this study, we re ne the problem formulation with well-(such as order, discrimination, and uniformity), and provide an
de ned parameters, provide thorough quantitative and qualitati@line tool to help users assess the quality of a colormap.
evaluations, and demonstrate an extension on time-varying scalarThose guidelines can be leveraged for colormap design.
elds. The main contributions of our approach are as follows: Moreland [18] provides a diverging colormap, which performs

We formulate the colormap adjustment process as an oiﬂ‘f?—” in general scienti ¢ visualization by incorporating perceptual

mization problem for exploring spatial variations, under thgnlfofrm!ty andl cpntlnuny rluleg. Thsy alhsjohprowde an mtumvltle
guidance of requirements analyzed by domain experts. LOO, or mterlpo ating co?]tro points, y;/\( Ic uselrs ng_f_“a““a y
We demonstrate the exibility of our approach to support indesign a colormap to show patterns of interest. In addition, some

teractions, including boundary exploration, regions-of-intere§f€th0ds make use of existing or user-assigned design rules to
exploration, and control point customization automatically select or optimize colormaps. Sisneros et al. [21]
We conduct a quantitative comparison with alternative metift "€ @ colormap in a perceptually uniform CIELUV colorspace

ods for revealing gradual spatial variations. We also conducfjgdgrzthe guidance of a user-gle n|9d Iumlnan_ce_ fuqctlomhemet h
user study and three case studies to qualitatively analyze mdeo[l ] proposle an quto;nat(_a co ct))rmap qpt!m|zat|or(1j SI.C e"?e.t at
performance of our approach. addresses color vision de ciency by maximizing and linearizing

the perceptual uniformity rule. However, those methods mainly

focus on the colormap itself, with less or even no consideration of
2 RELATED WORK the data characteristics.

In this section, we review prior work in colormap design an®ata-Aware Colormap Design MeasuresData play an indis-
boundary measures. pensable role in colormap design. This role has been well-
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studied by existing experimental methods [7], [23], [24]. Redar a user-de ned value) and adjust the colormap by shifting
et al. [24] investigate correlations between a continuous colormapcontrol point to the corresponding position of the inferred
and spatial frequency through quantitative experiments on thmaetadata. Tominski et al. [2] propose using histogram equalization
representative tasks: quantity estimation, gradient perception, amdmnprove color encoding for highlighting and segmentation tasks,
pattern perception. They nd that the spatial frequency of the das#ming to shift more colors to the data range with high quantities.
has a great impact on the effectiveness of colormap encoding, mstead of adjusting the colormap to emphasize a speci ¢ statistical
the precise effect is task-dependent. metadata [1] or to equalize global data distribution [2], we adjust
Previous methods have leveraged the importance of data el input colormap for exploring continuous structures in data by
tasks to guide the colormap design. The colormap design rules taking into account the boundary characteristics [9].
established by grouping data types and tasks into well-organized
categories. The most pioneering work was proposed by Bergnap Boundary Measures

et al. [4], who build a taxonomy by considering the spatial daﬁany approaches have been proposed in computer vision for
frequencies and representative tasks. They leverage this taxon

- R i Qf@%cting boundaries between regions in the spatial domain from
o |mplement. an mtuytwg system, PRAVDA(;oIor, for guiding jgital images, such as the classic Canny operator [34]. However,
colormap design. Similar ideas can be four.1d.|n ColorBrewer [,1 ere are no direct mappings between colors and boundary positions.
and ColorCAT [25]. Those methods apply similar .collormap desi erefore, it is dif cult to shift the colors in a colormap under
rules to. the same .categqry of daFa. Due to the limited numbgr guidance of position-based image boundaries. Since the data
categories, data with noticeably different patterns may be asslON&fles are closely related to both the colors and boundary positions,
the same colormap. rst we will associate the spatial boundary positions with the data

. ! ; . A aﬂyglues; then we will utilize them to guide the colormap adjustment
using mapping functions. Classic data normalization methods (e,g.

logarithmic normalization [26]) could be directly leveraged t

le dat | but th i iat . A pioneering work in volume rendering proposed by Kindlmann
scale data values, put they cannot ensure an appropriate mapgiigp, i, [9] addressed the signi cant role of boundary structures
for different tasks. Instead, Eisemann et al. [27] build up fOLIJrr]

. . o F N representing data variations among disparate materials. Their
perceptual goals (equality, ordering, discrimination, and similarit

i tual t ¢ tion. Th hi th I ESiC idea is to measure the relationships between the data values
0 ensure a perceptual transtormation. They achieve those goais, gy i gerivatives using a histogram structure, and then build

and maximum data values. Thompson et al. [28] extract promineég1S

values from data, depict them using perceptually distant color ed on this mapping of the boundary positions to the data,
€ » dep € 9p P y OlZers can assign a boundary-emphasis function to set a boundary

and then generate a perceptually uniform colormap for other _d?g? city for intuitive exploration. Following this work, many
values. However, these methods do not take the colormap its fasures in volume rendering have been proposed for enhancing

Into account, Even though t_ransformlng the data distributions mB‘Xundary structures that achieved better visualization and effective
enhance speci ¢ structures in the data, the selected colormap plgyas

. . . . ssi cations among multiple materials [35], [36], [37], [38].
an important role in the graphical perception of patterns [5], m’l’herefore we leverage Kindlmann and Durkin's model to calculate
Several methods use image processing operators to enh '

; . ndary structures and analyze gradual spatial variations. To
cplormap design [29], [30]’ (311, .[32]’ so that the IMPTOVeR, it best knowledge, no previous work leverages the Kindlmann
visualization resolves more information. Zhou et al. integrate vie

) . d Durkin model to enhance the visual effects of gradual spatial
distance into the contrast enhancement process [30], and t ERations in color design
propose a visualization sharpening scheme based on the power '
spectrum [31]. However, their methods directly enhance images
and, thus, cannot preserve one-to-one mappings between the @ataREQUIREMENT ANALYSIS
and colormap. Following their previous work, Zhou et al. [3 . . . .
propose a color enhancement method for high-dynamic-range da%consulted W'th domain e).(perts onan analyS|§ of thg require-
based on tone mapping techniques and glare simulation. Tho] %nts for gutomatlc color design. Frpm this analysis, we identi ed
they leverage a global tone mapping scheme to ensure one-to- &€ requirements for colormap adjustment.
mappings between the data and colors, their modi cation of the
input data may hinder accurate understanding of the data values!

Our main idea is to automatically shift the parametric positiond/e invited three experts from the visualization community, in-

of the control points in a colormap to achieve a richer visualizatiariuding one expert with 30 years of experience in meteorology
of boundary structures, while preserving one-to-one mappingsualization (E1), one with 10 years of experience in medical
between the data values and colors. Modulating control poinisualization (E2), and the other with four years of experience
is extensively utilized in visualization for interactive colormapn general visualization (E3). We also invited three experts from
exploration. Several semi-automatic and automatic methods h#lve science community, including one scientist with ve years of
been proposed to modify positions for colormap exploration. Fekperience in combustion simulations (E4), one oceanologist with
example, Maciejewski et al. [33] propose a semi-automatic methd8 years of experience in physical oceanography (E5), and one
that scales a colormap according to a well-designed histograardiologist with three years of experience in analyzing computer
transformation. The automatic methods proposed by Schul@@nography (CT) and ultrasound cardiograms (EG6).
Wollgast et al. [1] and Tominski et al. [2] share similar goals with During the interview stage, we described our basic idea of
us: They leverage the data distribution to modulate the parametijusting a colormap and presented several prototype results to the
positions of the control points in a colormap. Speci cally, Schulzexperts. Then, we required them to answer two ve-point Likert-
Wollgast et al. [1] extract statistical metadata (e.g., median, meaoale questions and give feedback to each question in one to ve

Interviews with Domain Experts
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sentences. The answers were gathered through a forced-choice task
to quantify their preference:
Would you nd it bene cial for the visualization users (e.g.,
designers, scientists) to have an “Auto Adjust” button next to
a colormap, so that it automatically tries to match the data and
provide a richer visualization?
(2) strongly not bene cial (2) not bene cial (3) neutral
(4) bene cial (5) strongly bene cial
Would you expect desired results of such “Auto Adjust” to be

similar to the prototype results? o Fig. 2: An illustration of the colormap de nition. (a) A synthetic
(1) strongly dissimilar results e.xp.ected(Z) dissimilar results  q5taset produced by the Langermann function [41] and encoded
expected (3) neutral  (4) similar results expected (5)  yith a perceptual lineariridis colormap. The colormap is de ned
strongly similar results expected by a list of control points with constant colors and parametric
The majority of the domain experts, except E2 and E4, agreggsitions. The data histogram (on the right of the input colormap
with the potential bene ts of an automatic colormap adjustmeBhd indicated by light gray bars) illustrates their relationship. (b)
approach and expected similar effects as the prototype resultsgyeshifting the parametric position of the input colormap and

provided. E2 choserfeutral’ for both questions, as sometimesnterpolating the colors between every two control points, a new
the bene t depends on the users and tasks. E4 did not cho@gfrmap is produced to reveal spatial variations.

answers because of incomplete interactive functionalities, though

he provided inspiring feedback, as shown in R3 (Sec. 3.2). of gradual spatial variations and color changes. In this section,
rst we formulate the problem mathematically, and then introduce
3.2 Requirements for Colormap Adjustment technical details and corresponding optimization solvers. While

Based on the domain experts' feedback and literature reseal¢f demonstrate our approach in static 2D scalar elds, it can be
we identi ed the following three requirements for colormagFXtended to dynamic 2D scalar elds (Sec. 6.4).

adjustment. 4.1 Problem Formulation

R1: Colormap adjustment under the guidance of gradual Gjyen a 2D scalar eldv with m data samples and an input
spatial variations. Gradual spatial variations indicate transition%mormap with a list of 3D colors from the CIELAB colorspace, our
between different regions, which play an important role in distig) is to obtain a new colormap, such that the new color-encoded

guishing the spatial variations hidden in data. To reveal spatiadajization can better reveal spatial variations hidden in the data.
variations, suf ciently discernible colors are required to encode the

corresponding data ranges. Our domain experts (E1 and E3) poin(géaormap De n_ltlon. To associate discrete cqlors with contin-
out that they often manually clip unimportant values in order $80US parametric data values, we de ne the input colormap as
observe continuous features in a speci ¢ data range. Resolviags®t ofcontrol pointsand aninterpolating function Control
hidden gradual spatial variations automatically will be a godePints in our de nition refer tow sampled constant colors
starting point in understanding patterns in the underlying data. © = f€1:€2;:::;cwg and their corresponding parametric positions

) o p=fpup2:pwgd(0 p 1) onthe colormap. The interpolat-
R2: Colormap preservation of the default colormap.Scientists g function aims to build a smooth transition between every two
often prefer to encode data with familiar colormaps [5], [11], [14}gighhoring control points. We utilize a piecewise linear mapping

e.g., the rainbow colormap is still popular despite its tendengyncion to interpolate the colors [42], as illustrated in the equation
to introduce misleading patterns [39], [40]. Our domain expefsow:

E6 expressed that her user experience working with a familiar

. ; . A_ Cv Cw
colormap can improve the ef ciency of her data analysis, andC= ———
unexpected changes in the appearance of a colormap may reduce Q"’ Pw 1 _ ] ] _ _ )
ef ciency. Therefore, we propose to preserve the key colors in &Y iteratively applying the interpolating function to neighboring

input colormap as much as possible during the adjustment proc€88trol points, we can recover the entire colornyqy; p;C). Then,
] L . . . we reformulate our goal to target obtainimgnew parametric
R3: Flexible interactive color exploration. During the colormap positions p = f Py pa; : Pwg for the control points (with the

adjustment process, when S,h'ft'ng more colors to the targe endpoints constant by default). We recover the colors on
data ranges, less representative colors would be left for other parametric data valuasby y(v; p:C). As the colors of the

ranges (see examples in Fig. 1). To mitigate this disadvantaggyio| points remain constant during the adjustment process, the
interactive color exploration would be an ideal way to resolvg, :-+ion is abbreviated S6V: D).

patterns in different data ranges. In addition, the domain experts Fig. 2 illustrates the de nition of a colormap and color-encoded

E2, E4, and ES stated that they favor a controllable visualizatigy jizations on a synthetic ripple dataset produced by the Langer-
rather than a static one because different domain elds have thet 1, function [41]. Fig. 2(a) shows the synthetic dataset encoded
own usage preferences and analysis tasks. Therefore, interagilyg nerceptual lineariridis colormap, where its peripheral ripples

color exploration should be a necessary function for colormap, represented by indistinguishable colors betwearc,) and

adjustment. (p7; €7). By moving the parametric positions of the control points

(ps; €5) and(pz;c7), patterns hidden in the peripheral regions are
4 COLORMAP ADJUSTMENT APPROACH revealed, indicating that well-designed parametric positions for the
Motivated by the requirements identi ed above and previousontrol points can effectively emphasize hidden data variations (see
studies, we propose adjusting a colormap under the constraifig. 2(b)).

(P pwv*teows  Pw1<P<pw (1)
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Fig. 3: lllustration of the boundary term. (a) The relationship between the derivatives (vertical direction) and the data values (horizontal
direction). (b) A Gaussian- Itered circle encoded by an inpirtdis colormap and its corresponding local color difference. (c) A
boundary probability map inferred from the input data, in which yellow indicates values with higher boundary probability. (d) By
applying our algorithm to the input, the underlying data patterns close to the inner and outer circle margins are clearly shown.

Problem Formulation. To meet requirements R1 and R2, wevith parametric colors. To address this problem, Kindlmann and
formulate the shifting parametric positions of the control pommts Durkin [9] introduced a boundary model to build a bridge between
as a nonlinear constrained optimization problem with the objectitiee boundaries and data values, based on an ideal boundary model

functionE(v; p): and a novel histogram volume structure.
. L ] . The ideal boundary model is a function of the relative distance
arg n%lnE(v, P)= B(v.p)+ bF(p): @ to a boundary:
The objective function consists of a boundary teBr{Sec. 4.2) and 1+ erf(?%)
a delity term F (Sec. 4.3), balanced by a parameiefSec. 5). v=£(3) = Vmin* (Vmax  Vmin) ———5——" (5)

wherev means the data value at a positisrunder the ideal

o . . boundary model represented by a standard error funeti®éj43];
The basic idea of the boundary term is to emphasize gradual spa§|a;ljs the standard deviation to control the amount of boundary

variations hidden in the underlying data and accordingly Upd%ﬁjrring; andVimax andvini are the corresponding maximum and

them in the color encoded data. We Iever_ag_e Klqdlmann_s _bound?ﬁYnimum data values. More speci cally,indicates the directional
model [9] to calculate gradual spatial variations in the original da;%
1

4.2 Boundary Term

. - L . . Lo lative position to a boundary and is equal to zero when it is
and estimate perceived data variations in the visualization wi

local color diff Th th tical model of the bound in ection point in the boundary. The positioncan be either
ocal color ditterences. The mathematical model ot the boun %}Ssitive or negative: positive means that the function value is close
term is de ned below:

to Vmax While negative indicates it is close W, Accordingly, we
?) can deduce a mapping between an approximate boundary position

m
Bv:p) = a av) a Y Y(viP) x and the derivative of (x):

i=1 2w
whereq(v;) denotes th&oundary probability majsee more details %) - X. (6)
below), which measures the probability of a data vaiugelonging fqx) s2’

to the boundariesWW denotes the neighbors of a data valgén
the 2D scalar grid; y(vi;p) Y(vj;p) is the normalized local

EE:OLSATP?;igﬁi (IJTJr?rlerI_IeArEe(r:]?;?i:JSrficede\flgil tsw as a3 3 As Eqg. 6 models the relationship between the data derivatives
9 o P y o and a boundary, now we must connect the data values and their
Boundary Probability Map. The boundary probability ma@(V)  gerivatives. Kindimann and Durkin [9] proposed the 3D histogram

represents the probability of a data valuebelonging to the 4 \yme structure, which consists of three ax&&), f{x), and
boundaries. We assume that a data value with a smaligtive 09,y with a number of discrete bins. The quantities in each bin

distance to a boundarlyas a higher boundary probability, meaningy¢ the three axes are counted, combined, and assigned to each
that it has greater potential to reveal more spatial variatioRgstogram volume. Then, the rst and second derivative functions
Considering that the gradients in small-quantity regions are h H/) andh(v) can be approximately calculated by slicing the 3D
to observe, we penalize assigning high gradients to .Sma"'q”an?%ogram volume at a data valuend counting the average of the
regions. Then, we can model the boundary probability map as {i§responding rst and second directional derivatives. Thus, we get
function below: (V)= b(x): the mapping functiomp(v) from the data value to an approximate

a ' (4) positionx along a boundary:

wheres can be estimated according to the maximum rst and

. . max f{x)
second derivatives on the entire data= max(10p0) " [9].

b(x) = e "X, , 2o
wherer is a penalizing factor that can be calculated with p(v) = s“h(v) s 21°%) =x )
Ty M is the number of samples with data value 9(v) (%)
N

x indicates the relative distance to a bounddn() is a boundary- On the basis of this equation, the distance to a boundargn

emphasis function, which can be replaced by other boundapg- calculated with the data valueData values with higher rst

emphasis functions (see Sec. 5.1)); anid the empirical boundary- derivatives are located closer to the boundary.

emphasis factor. More lower gradients would be emphasized with Fig. 3 shows the accompanying products of the boundary term,

a smallerh; by default, we set it to 5. based on a synthetic Gaussian- Itered circle dataset (D1). Fig. 3(a)
The core dif culty in solving Eq. 4 is associating a boundary illustrates the relationship of® versusf and f®versusf. The

with a data valuey, so that we can further control the boundarieborizontal direction indicates the data values, while the vertical
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direction indicates the rst and second derivatives. The color of
each dot depicts the data quantities. In this gure, most of the
data values have extremely low gradients; a few of them have high
gradients. Fig. 3(b) shows the input dataset and its corresponding
local color difference, both encoded by a perceptual limaddis
colormap. Fig. 3(c) shows the boundary probability map, where
the gradients of the small-quantity regions are de-emphasized.
By adjusting the colormap under the guidance of the boundary
probability map, low gradients close to the outer and inner margins
are resolved. Therefore, the Gaussian- Itered region in Fig. 3(d)
seems wider than the input.

4.3 Fidelity Term

Motivated by requirement R2, we propose a delity term to avoid
signi cant color changes during the colormap adjustment process.
We use color changes to refer to changes from the input colormap
in terms of the color order and color similarity. Color order meariig. 4: lllustration of a delity term. (a) The input colormap in the
the ordering of parametric positions in the input colormap, whi@D CIELAB colorspace. Black dots indicate input control points.
color similarity (or difference) refers to the appearance of the) An overview of the differences between the input colormap
input and adjusted colormaps. To avoid signi cant color changésiith black control points) and adjusted colormap (with red control
we propose preserving the order of the parametric positions, gmnts). The vertical axis indicates the colors in the input colormap,
minimizing the color differences between the input and adjustedile the horizontal axis shows the parametric positions. (c) The
colormaps. accumulative arc length functianand its constructed piecewise
A simple way to model the delity term is to calculate thelinear functionz. The horizontal axis indicates the parametric
Euclidean distances between the parametric positions and plosition of the control points, while the vertical axis shows the
corresponding colormaps. However, this increases the searchingresponding accumulative arc length (top) and a newly built
space for the overall optimization function (Eq. 2). Instea@iecewise linear function (bottom).
we propose modeling the delity term with a cumulative arc
length function de ned on the input colormap, making use dfig. 4(c) shows the monotonically increasing cumulative arc length
its monotonically increasing attribute as an intrinsic constraint fanction of the input colormap, where the parametric positipns
facilitate convergence. of the control points are highlighted with black dots. The values
Speci cally, we model the color similarity as a Euclidearof z(t) at new parametric positiorts= p; (red dots) are used
distance between the cumulative arc lengths at the correspondimgroduce the piecewise linear functianindicated by dashed
input and adjusted parametric positions. We model the color ordiyes in Fig. 4(c). The rst derivatives af are modeled as color
as rst derivatives of the arc length function at the adjustedrder constraints in the color adjustment process. Since the rst
parametric positions; thus, color order serves as a nonlingkrivatives ofz at disorderly parametric positions are negative,
constraint to the color similarity formulation. The delity termsuch parametric positions will not satisfy our bounding constraint
is de ned below: in Eq. 8.

w —
F(p)= Aiz(m) z(p)i; st z9p)>0 (8) 4.4 Optimization Solver

wherez is the cimulative arc length function of the input colorma@ur method takesv control points from a colormap and 2D
in the 3D CIELAB colorspacez is a piecewise linear function scalar eldv as input, then iteratively updates to nd the optimal
built from z at the new parametric positions; anf ;) is the parametric positions of the control points for revealing hidden
corresponding rst derivative at position. spatial structures. This process is mathematically formulated as an
The cumulative arc length function(p;) is the arc length objective function in Eq. 2, which is a quadratic function under the
between every parametric positipnand the starting positiop; ~ constraint of nonlinear conditions (see Eq. 3 and Eq. 8). To nd
along a given section of a curvy input colormap in the 3D CIELARhe optimal parametric positions with minimal energy with respect
colorspace (see Fig. 4(a)). As we keep the colors of the conttelEq. 2, we use sequential quadratic programming (SQP) [44],
points constant during the adjustment process (see Fig. 4(b)), &helassic and effective method for nding optima in nonlinear
input and adjusted colormaps share the same curvy shape in theq@@dratic optimization problems.
CIELAB colorspace. We approximate the cumulative arc length Basically, SQP transforms the nonlinear quadratic problem into
function with z discrete colors along the input colormap. Thus, th@ sequence of quadratic programming (QP) subproblems based
cumulative arc length function can be modeled as below: on derivatives of the objective function. At each iteration, the
Z, o i=1 QP subproblem is approximated using the Taylor series and the
z(t)= ke(t)kdt 2=z P T . (9) Hessian of the Lagrangian function. Then, the solution to the
1 &i=2  (ct) ot )% corresponding QP subproblems is calculated and used to form a line
wherec is a 3D color in the CIELAB space at a speci ¢ parametricearch direction for the optimization until convergence. We adopt a
positiont;0 t 1;andz is the number of sampled colors betweemommercial SQP solver provided by Artelys Knitro [45] to optimize
the parameter positianand the starting position. We set 256 the energy function, with the input parametric positions of the
for the whole input colormap by default. Consequerdly; z t  control points as an initial guess. The ef ciency of the SQP solver
for each control point with a parametric posititriThe top row of depends on the number of iterations for calling our energy function
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