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Visualization-Driven Illumination for Density Plots

Xin Chen, Yunhai Wang, Huaiwei Bao, Kecheng Lu, Jaemin Jo, Chi-Wing Fu, Jean-Daniel Fekete

Abstract—We present a novel visualization-driven illumination
model for density plots, a new technique to enhance density
plots by effectively revealing the detailed structures in high- and
medium-density regions and outliers in low-density regions, while
avoiding artifacts in the density field’s colors. When visualizing
large and dense discrete point samples, scatterplots and dot
density maps often suffer from overplotting, and density plots
are commonly employed to provide aggregated views while
revealing underlying structures. Yet, in such density plots, existing
illumination models may produce color distortion and hide details
in low-density regions, making it challenging to look up density
values, compare them, and find outliers. The key novelty in this
work includes (i) a visualization-driven illumination model that
inherently supports density-plot-specific analysis tasks and (ii)
a new image composition technique to reduce the interference
between the image shading and the color-encoded density values.
To demonstrate the effectiveness of our technique, we conducted
a quantitative study, an empirical evaluation of our technique in
a controlled study, and two case studies, exploring twelve datasets
with up to two million data point samples.

Index Terms—Density plot, Illumination, Shading, Image
composition

I. INTRODUCTION

Scatterplots are among the most effective techniques for
visualizing discrete data points in 2D. Yet, for large and dense
data, scatterplots suffer from overplotting, where visual clutter
obscures the data distribution (Figure Ta)). A few alternatives
have been proposed to overcome such a limitation; e.g.,, instead
of visualizing each point as a single mark, 2D density plots
(also called density maps and heatmaps, we use the term density
plots) color-encode the aggregated density of the data points,
usually smoothed using Kernel Density Estimation (KDE).

Density plots could effectively reveal global patterns (e.g.,
trends and clusters), especially in high-density regions. How-
ever, they often neglect less dense, local patterns such as
outliers in low-density regions [1] (the red box in [Figure 1al).
They also sometimes hide important visual structures (hereafter
“structures”) in medium-density regions, i.e., meaningful local
density variations [2] (the blue box in [Figure 1a] vs. [TBITd[Td).
This is because of the limited intensity resolution of existing
displays and our vision system: assigning indistinguishable
colors to the medium- and low-densities hinders several
important analysis tasks such as identifying anomalies [1].
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Several density plot alternatives have been proposed to
enhance the visibility of global and local patterns simulta-
neously. By representing a density field as an illuminated
height field using Phong shading [3[], the Illuminated Density
Plot (IDP) provides a clearer depiction of the main structures
in medium- and high-density regions (Figure 1b). However,
the shading operation may introduce artifacts, such as altering
beige and dark brown in making it challenging
to look up and compare density values. Additionally, some
outliers in low-density regions, particularly those in the red box
of remain hidden. Explicitly overlaying outliers on
the IDPs, Trautner et al. [4] introduced Sunspot Plots (SUPs),
which smoothly blend discrete data points with IDPs by using
two types of KDE kernels. However, SUPs may introduce
colors falling outside of the color map, such as the blue
color in which hampers density value look-up and
interpretation. This issue can be attributed to the interference
between colored patterns and shaded structures [5][pp. 83].

The limitations of the previous techniques motivated us to
revisit the illuminated density plots, in which the additional
illumination should inherently support density-plot-specific
analysis tasks. Based on a survey on scatterplot tasks [|1] and
user study results [4]], we derived three design requirements
that a good density plot design should meet:

DRI1: revealing the detailed structures in high- and medium-
density regions;
maintaining the visibility of outliers in low-density
regions; and
DR3: producing less color distortion to support accurate
lookup and comparison of absolute density values as
much as possible.
In this article, we present a novel density plot design,
Visualization-driven Illuminated Density Plots (VIDP), aiming
to fulfill all three requirements. Here, “visualization-driven”
means that the illumination model is customized to be percep-
tually effective in visual analysis tasks such as value lookup,
comparison, and outlier identification, rather than directly using
the ones developed by the computer graphics community. To the
best of our knowledge, this is the first technique that considers
the three requirements simultaneously.

Instead of applying the well-known Phong shading model [6]
to density field rendering, we explore a structure-enhancing
shading model that adheres to some principles of manual
relief shading [[7], such as shading along ridges and valleys,
omitting shadow and specular reflections, and maximizing
the overall contrast. To combine the shading image from this
model with the colored density image, we further propose a
new composition scheme that adjusts only the luminance of
the density field’s colors to minimize the interference between
the shaded image and color-encoded density value. As shown
in the resulting density plot with valid colors reveals

DR2:
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Fig. 1: Different methods for visualizing two million-point samples of the “New York TLC Trip” dataset (bottom right in (a)
shows the raw plot). Our technique is shown in (d). The green box represents a high-density (HD) region, the red box shows a
low-density (LD) one, i.e., outliers, and the blue box has medium-density (MD). The HD variations are faithfully revealed in
(a,d), but (b,c) hinder the perception of absolute density values by using colors absent from the colormap (brown and blue). On
the other hand, LD outliers are revealed in (c,d) and hidden in (a,b). Finally, the MD structures are revealed in (b,c,d) and
hidden in (a). Our Visualization-driven llluminated Density Plot (VIDP) not only shows the density variations using colors
similar to (a) but also reveals MD structures and LD outliers.

the main structures and major outliers. Table | compares our | high-density medium-density _low-density
density plot with prior techniques on three levels of densitiesCDP no color distortion barely visible invisible

TR _~fthdDP [3] some color distortion visible invisible
we evaluat.e OUT ap_proach by comparing it Wlth state-of thelSUP [4] | strong color distortion visible visible
art density visualizations (e.g., SUP [4]) using ten dataset§,pp weak color distortion visible visible

with up to two million data point samples. First, we conduct : , - — - - -
a quantitative evaluation with an established color distand@BLE |- Comparing our visualization-driven illuminated

measure [8], showing that VIDP signi cantly reduces CO|0g.ensity plots (VIDP) with prior techniques on capabilities to

distortions compared with others. Second, we evaluate our gﬁyalize regions of different levels of densities, as demonstrated
proach in terms of density-driven analysis tdsksa controlled N Figure 1.

user study. Our VIDP achieves comparable results in preserving e propose a new image composition technique to reduce
densities and outliers, while better revealing local patterns. ihe interference between the shaded image and color-
In addition, we conduct two case studies to demonstrate the gncoded density values.

effectiveness of VIDP, showing that interactively adjusting \\e empirically evaluate our techniques in a controlled

the parameters in our method enables viewers to explore |,gor study on ten datasets and present two case studies
and highlight structures of interest. To summarize, our main i, demonstrate their effectiveness.

contributions are as follows:
We propose a visualization-driven illumination model that Il. RELATED WORK
inherently supports density-plot-speci ¢ analysis tasks.

A. Density Visualization

Density plots are one of the most common ways to combat

1Experimental data and analysis code are included with the submissio ; ; ;
supplemental materials and are available at https://osf.io/5xpsw/ uigy= e overplotting problem in scatterplots. Below, we discuss the

0445046dad574d4a90d7138e94547ada. generation, enhancement, and evaluation of density plots.
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Density Plots Generation Opacity adjustment and densitythese density elds using different colormaps, they combine
estimation are two common approaches to generate den#ity two rendered density elds adaptively together and exploit
plots. Assigning suitable opacity values to data points céime shading and shape cues to maintain the relative density
produce semi-transparent visualizations that better reveal hidtiferences. The recently-proposed honeycomb plots [16]
density regions. Matejka et al. [9] present a user-driven modekther improve the shading. In doing so, most outliers can
for setting opacity values based on data distribution and crovim® more clearly shown. Yet, their evaluation shows that both
sourced responses. Micallef et al. [10] suggest optimizing tkechniques cannot improve the accuracy of estimating density
opacity, mark size, and other visual properties together in limalues. Also, they still cannot effectively convey local density
with the given data and the analysis task. Yet, alpha blendiagriations (the green box in Figure 1c vs. 1b,1d) and also suffer
is limited to a few layers and it is hard to distinguish betweefnom the ambiguity issue as Splatterplot (black color in the red
varying densities in the generated density plots. and green boxes in Figure 1c). Besides, SUP's color blending

Instead, density estimation explicitly computes a smoothay lead to signi cant color distortions (e.g., the blue and
density eld, which is often shown as a color-coded plopurple colors in the green box in Figure 1c).

Usually, the densities are estimated by kernel density estimati[g@nsity Plots Evaluation Sarikaya and Gleicher [1] list a

(KDE) [11], which sums the contribution of discrete dat@gy of scatterplot-speci ¢ tasks and discuss the effectiveness
samples around each screen r[])lxel based on a kernel fu”CtB"f”écatterplots, contour plots, and SPP in support of the
KDEn(X) = 1 a K(X Xi ); 1) aggregation-level tasks. Recently, Trautner et al. [4] conducted a
nh,2y ° h user study to compare ve visual designs with two tasks (density
where X = fxg;Xo; : Xnj% 2 R?g is the bivariate datasek estimation and comparison) and found that SUP performs
is a kernel function, andh is a bandwidth parameter. For similarly to the KDE-based continuous density plots. In this
convenience, we refer to the resulting plots as continuowsrk, we extend this study with four variants of visual design
density plots (CDP). Popular kernel functions are the Gaussiand three tasks.
and Epanechnikov kernels, which perform well in showing

global data distribution in high-density regions. Heer [12] founB. Illumination Models

that combining linear binning and Deriche's approximation \;rigys illumination models have been developed [17]. Here,
ef ciently produces pixel-perfect Gaussian KDE. For continye restrict our discussion to non-photorealistic models [18]
ous scienti ¢ data, Bachthaler and Weiskopf [13] compute thg, gepicting shape details and important structures rather than
continuous density eld by mapping the spatially continuoUs,eating realistic images. For example, Cignoni et al. [19]

input data to the range domain with interpolation betweel)ygest performing diffuse shading with a sharpened normal
associated data values. However, the smoothed density to increase the contrast at corners. Rusinkiewicz et
might reduc_e the Ioc_al variability, SO some important structureg [7] proposed a multi-scale shading model to convey
could.be missed (Figure 1a). In this V\_/ork, we.extend suchi@din overall shape and ne-scale detail by computing the
technique to better account for the major prominent StrUCtURSyma) eld at different scales and varying the light source
and Io_cal densﬁy variations and also to allow for interactively, maximize the contrast. Inspired by these techniques, we
exploring detailed vs. smoothed results. propose a visualization-driven illumination model for density
Density Plots Enhancement Traditional continuous density plots rather than simply applying the one developed by the
plots cannot effectively depict both local variations and outlie@@mputer graphics community. Speci cally, we compute a
To preserve outliers, Splatterplots (SPP) [14] explicitly shomormal eld to highlight ridges and valleys in the density
sub-sampled data points in sparse regions and use clogdd and apply diffuse shading with an optimized lighting
smooth contours in dense regions. As SPP are developeddigction to maximize the contrast within such structures. To
showing clusters in multi-class scatterplots, they assign tB@sure accuracy in density value estimation, we further consider
same color to high-density regions enclosed by contours aménimizing the arti cial colors resulting from the composition
discrete data points of the same class in sparse regions, hiddghe shading image and the input colored density eld. We
the density variations and leading to ambiguity [15]: identicghow that the resulting density plots better support specic
visual intensities might correspond to different effects. analysis tasks such as value estimation and outlier identi cation
On the other hand, Willems et al. [3] used the photorealistiéa @ controlled study and two case studies.
Phong shading [6] to a height map, combining two KDE density
elds with different bandwidths to reveal local structures on !ll. VISUALIZATION-DRIVEN ILLUMINATED DENSITY
the colored density plot. However, such an illuminated density PLOTS
plot (IDP) cannot clearly show outliers (red box in Figure 1b), Our goal is to enhance density plot visualizations, revealing
so the authors adopted a speci c approach for trajectory dakee underlying structures and outliers as much as possible while
to make the outliers pop up, which does not apply to genekahsuring the perception of color-encoded density values. We
bivariate datasets. Furthermore, IDP distorts the original colapproach this problem by rst designing a structure-enhancing
of the density plot (Figure 1b) and prevents users from lookirghading model as illustrated in Figure 2. Here, we create a
up and comparing density values based on the color map. shading intensity eld to capture prominent structures in the
SUP [4] computes two density elds by performing KDEdensity plot (Sectionll-A), then develop a color composition
on the data with two different types of kernels. After renderinmethod to further integrate the shading intensity eld into
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Fig. 2: The overall pipeline of our visualization-driven illuminated density plots: Given a set of discrete points, we rst compute
the KDE-based density elds (earge With a large Gaussian kernel and (B)na With a small kernel. Then, we (c) take their
difference to derive the structure mé&poc and (d) employ diffuse shading with height exaggeration with an automatic light
direction set up to obtain the intensity eld By further combiningRarge With | using our luminance-only color composition,

we can generate (e) the Visualization-driven llluminated Density Plot (VIDP).

the luminance channel of the colored density plot to reduce
color distortions (Sectiofil-B). Last, we conduct a parameter
analysis to explore how different parameters affect the quality
of illumination (Sectionlll-C). Note that for simplicity, we
only use one example dataset in this section; more results can
be found in the supplementary material.

A. Structure-enhancing Shading Model

Kernel density estimation is a widely-used approach for
characterizing the high-density regions [13], [20], but local
details are often poorly retained in the results [4]. In contrast,
using a shading eld [21] can easily discern structures, so we
are motivated to develop a shading model to depict structural
information. To meetDR1 and DR2, we rst compute a
structure map to capture important structures, i.e., outliers
and detailed structures. While there are no clear de nitions
of outliers, we follow Mayorga et al. [14] in treating them as
data points in low-density regions, but we do not set a specic
density threshold. Meanwhile, we regard high-frequency spatial
variations as structures, because they can identify informative

local patterns at a ne scale. Fig. 3: Comparison of (a,b) the normal of the density elds

Inspired by the principles of manual relief shading [7], i.e,, .
b y princip u ! ing [7], i large @Nd Nsman @nd (c) the structure malpoc for revealing

shading along ridges and valleys, omitting specular re ectior{y, | foat here the and < of th |
and maximizing overall contrast, we create a shading intens al teatures, where andy-components of thé norma

eld containing structures at the detail level in three steps. Firi{8 ctors are visualized using (d) a bivariate color map [22]. The

we construct a structure map to capture important structuf@§2! Structures in the blue and green boxes are clearer in (c).
such as the ridges and valleys (Figure 2c). Then, we addy set them using empirical ruleBjarge is set according to
diffuse shading with height exaggeration to render structur8verman's rule of thumfL1] andhsmay is set to the reciprocal

in the structure map, allowing for emphasizing local detail the width of the grid evaluated by KDE, because the radius
in regions of interest (Figure 2d). Finally, we take a dat@f in uence of each point is exactly one grid cell in this
driven approach to automatically set up the lighting to providgituation, making outliers stand out from the background.
maximal overall contrast. After obtaining the structure mdgpoc, We can easily derive

Structure map construction. One canonical way to constructltS Surface normal from the gradient as follows:

the structure map is to analyze an image at different scalegyp,; = g 1 [ Fooc;  TyFoos: 1I;
created by Gaussian smoothing, usually by measuring the TFooc + ﬂyFDoGZ+ 1

difference in the densities estimated by Gaussians with different ©)

kernel sizes [23], i.e., Difference of Gaussians (DoGs), gsile Niarge and Nemai can be derived similarly. Compared

follows: to the density eldsFarge OF Fsmal, the structure mafpoc
Fooc(X) = KDEh,4(X)  KDEn,,(X); (2) can better enhance local structures because locally high and
where KDEy() is the Gaussian KDE (Equation 1) ahgd,ge and low densities become noticeable by the differentiation between
hsmai @re the large and small bandwidths that jointly determirdifferent scales of the density eld, regardless of the absolute
the scales of structures being extracted. In our implementatidensities. As a resulNpoc helps to create shading along ridges
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and valleys, following the principles of manual relief shading.
shows the corresponding and y-components of
the normal vectors df Figure PalPh],2c, where the green, blue,

and red boxes mark high-, medium-, and low-density regions,
respectively. Due to the large absolute densitgge and
Nsmall @re visibly separated into two contiguous parts (yellow
and blue), hiding the local variations falling into one part.
In contrast,Npog does not look contiguous, embodying local
structures such as the two bands from top left to bottom right in
the blue box. In conclusion, the structure map is more effective
than the Gaussian density eld alone for revealing the detailed
structures in high- and medium-density regioBsR().

Diffuse shading with height exaggeration Ambient light is
uniform and lacks directionality, whereas specular light creates
concentrated highlights that could distract the visualizations.
They are not chosen to depict the structural informatioRt.
Hence, we exploit Lambertian shading [24] to produce a visual
cue for perceiving the structural details [25]. Typically, this

model assumes an ideal surface that re ects lights uniforrn'gég 4: The effect of different exaggeration factors (dc¥ 1

e e o o oA ()1 = 5 on the xaggorted ot (0] The
s _y " z-components are visualized by the 1D colormap Viridis [26]

I'=N L= NjLjcosy = cox; (4)  (right), and (c,d) thex- andy-components are visualized by

whereN is the unit normal vectol. is the unit light direction the same 2D colormap used in Figure 3 (right). Settintp 5

vector pointing from the surface to the light source, @ reveals the outliers in the red box without noticeably changing

the angle between vectok andL. The intensityl decreases the major structures in the blue and green boxes.

asq increases and will be negative whgr» 90, e.g., the

shadowed side of a ridge.

Although DR1 can be satis ed by just applying diffuse
shading to the normal of the structure mig,g as shown
in [Figure 5¢, the visibility of low-density outliers remains arAutomatic lighting setup. Applying an appropriate lighting
issue because the slopes caused by the outliers are oftendioection L plays an important role in making the resulting
small. For example, it is hard to perceive outliers in the reshading Npoc L) more effective in revealing structural in-
box of[Figure 3. To address this issue, the height exaggeratformation. For example, Figure 5a shows a result with an
method in relief shading [7] suggests multiplying the values imnsuitable lighting direction where structures (blue and green
the height eld Fpoc in our case) by a user-speci ed factorboxes) are not effectively shown. However, manually setting the
h; in general, a largd improves the visibility of structures light direction can be too tedious, so we adapt an automatic

we provide an interactive system for users to interactively
emphasize local details in regions of interest by brushing and
adjustingh. An example is given in Section IV-C.

in low-density regions. 2D lighting setup strategy from volume rendering [28] to
Puttingh into [Equation B, we obtain maximize the overall contrast. Instead of modeling a quality

. [ hTxFoos; hTyFooc; 1 5 metric and iteratively re ning the light parameters, we collect
F (hxFpoc)2 + (hTyFooc)2+ 1’ ) the statistical information from the image and set up the light
This means the-component ofpog is close to being inversely Using an empirical lighting design model, which is fast, stable,
proportional toh, while the horizontal directions oflp,g and close to a human design [28].
are unaffected by . In addition, when the magnitude of the By computing the mean and spatial variation of normal
gradient is largeh has less impact on the normal, since theectors Npog, We obtain statistical information about the
z-component is already small. structures inFpog. We choose to Iter out the normal vectors
shows an example of the effectobn the different of empty regions of the scatterplot (the normal vectors [0,0,1]),
components ofNpgg. By increasingh from 1 to 5, thez since they do not contain valuable structures; we refer to the
components of unit normal vectors are shrunk while the remaining normal vectors as® To maximize the shading
andy-components are expanded correspondingly. Hence, ttentrast, we perform Principal Component Analysis (PCA) on
outliers in the red box are revealed by smalteromponents the x- andy-dimensions ofN°to acquire the principal vectors
and larger horizontal magnitudes with= 5 (Figure 4b,4d), fvi;vog and corresponding variancébs;l »g that encode the
satisfyingDR2. However, increasingy is not helpful in the principal directions of the normal vectors. Note that we do
high- and medium-density regions such as the blue and gremt use thez-dimension of the vectors to avoid selecting a
boxes, where the main structures are shown clearly Wwithl high-elevation direction (elevation 90 ) because typically, a
(Figure 4c). Also, a largé that ampli es minor variations at object with small surface details needs a light at a grazing
in these regions may interfere with the perception of majangle to best reveal its shape [29]. A bad example is shown
variations, so decreasirigcan be helpful in some cases. Hencén Figure 5b, in which empty regions are assigned the highest

NpoG =
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of shading elds, as the optimal light azimuth should maximize
the variations [29]. The variance in Figure 5c is 0.0675, which
is 18.38% and 6.15% higher than the variances in Figure 5a
(0.0570) and Figure 5d (0.0636), respectively. Furthermore, the
automatic lighting setup outperforms the default con guration
in 9 out of 10 tested datasets, with detailed results available in
the supplemental material. Additionally, users can interactively
adjust the lighting setup if they prefer a different con guration
from the automatic one.

B. Luminance-Only Color Composition

After obtaining the shading intensity eld, a traditional
approach is to naively combine it with the density effghge
through multiplication in the RGB color space:

1°= max(1;0);

P=1° ColormafFarge); (6)
where Colormap() is a one-to-one mapping function from
density values to RGB values aft R?! [0;1]° is an image
composed of RGB values. Figure 6a shows the result that
combines Figure 2d and Figure 2a using Equation 6. Although
the structures and outliers in the blue and red boxes are clearly

Fig. 5: Comparison of light directions. (a,b) are unsuitablehown, the original colors in the green box and the background
while (c,d) are effective. Our automatic illumination setup caare signi cantly changed, violatindPR3. Furthermore, this

nd the two appropriate light directions, (c) negative and (djomposition method isot suitable for dark backgrounds since
positive, along the principal vector with the highest variandealways darkens the colors, as shown in Figure 6c.

without a tedious trial-and-error process. Following O'Shea et To address this issue, we introduce a two-step color com-
al. [27], we choose the one from the top of the plp&(0), position scheme specic to density plot visualizations. First,
which leads to the most accurate estimations of shapes avel scale the intensity eld to t the luminance range in
highlights the structures shown in Figure 3c. the CIELAB color space [30] while ensuring the luminance

luminance value while the main structures are obscured dgfénges of the empty regions are xed to 0. The scaling can
to indistinguishable low luminance values. be performed using a linear mapping:

As the normal vector distribution has the highest variance -
Iempty Imin

| 1 along the direction of the rst principal vecton, using where Iy is the global minimum in the eldJempy is the
the direction ofv; can maximize the overall contrast in thqntensity of empty regions, i.e[0;0;1] Lau ,angﬁ‘ is a
y 1. VY autos

xy-plane. In other words, the areas with normal vectors clo inance scaling parameter to control the change in luminance

to eithervy or v will be highlighted, and the areas Withégrresponding tdmin. The larger the absolute value bf the

normal vectors close to the opposite direction will be shadow eater the in uence of the color composition on the entire plot.

However, the preferable direction, whether positive or negati Ote thatlempy NEVer equals tom, in our scenario, because

has not been determined and the light direction also needEaﬁtto has a xed elevation 060 and always results in a positive

proper elevation. Following O'Shea et al. [27], we choose tl']gmpty while I, is always negative since density variations

?hne flromt'the :?ﬁpowher(;:hthpc?mpclne:?t r'i glegattllve a”‘?' SeEorrespond to ridges, which always have shadowed sides under
€ elevation » SO the automatic ig Irectiobauo IS global illumination. Second, we add the scaled intensity eld

de ned as: to the luminance channel of the density plot while keeping the
Lauto= CombindNC.... P T1vi:60) otherwise other two channels unchanged:

where Combine() generates a 3D unit vector ands scaled, LAB = RGBtOLAB(CO"ngaQHarge));
following Zhang et al. [28]. Note that this strategy is also LAB.L = clamgLAB.L+ I 0; 100);
applicable for the exaggerated normd,c and Ly can P = LABtoRGB(LAB):

either be _computed over the en_tire eld or the user—selectw{i]ere RGBtoLAB() and LABtoRGB() are conversions between
regions. Figure Sc shows a shading generated by our automg{i¢ RGB and CIELAB color spaces, and the clamp() function
lighting setup algorithm (azimutk 41:44 ), where the lighting ensures that any invalid values falling outside the luminance
direction maximizes the overall contrast and clearly shows ”ﬁ&nge [0,100] are adjusted to t within the CIELAB color space.
ridges and valleys in the b_Iue and green boxes. Figure 5d a§9 shown in Figure 6b,6d, our luminance-only composition
reveals the structure, but it does not lead to the most acCurgfgserves the appearance of the original colors by maintaining
estimations of shapes according to O'Shea et al. [27]. the hue and saturation and works with different backgrounds
This is further supported by comparing the overall variancéy exibly changing the sign of .

CombingNSeqrt b T1v4;60)  if wafy] < O
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function of the azimuth of the normal regardless of the density
values [7]. A largeh leads to clearer outliers, while a small
reduces minor variations to reveal major structures. By default,
we seth to 5 in order to balance the visibility of outliers
and the perception of relative densities based on shading. The
rst row of Figure 7 shows the impact df; the smallh in
Figure 7a emphasizes the two bands in the blue box, while the
large h in Figure 7d improves the visibility of outliers in the
red box but makes the depth of structures in the low-density
regions look identical compared to Figure 7c.

Luminance scaling parameterf . Parametef in uences the
amount of modi cation that can be applied to the luminance
channel of the color scale. For a small value far the
luminance changes in the high- and low-density regions are
both large, making low-density structures clearer but modifying
colors excessively. In contrast, a large value ffomaintains

the original colors but also weakens the outliers. However, the
background color is retained in all cases to provide the user
with a reference to the color map. We empirically &eto -25,
which works well for most tested data. As shown in the second

Fig. 6: Comparison of (a,c) the traditional color composmopow of Figure 7, setting to -5 makes the shadows too faint

and (b,d) our luminance-only color composition methods qn g . i
light and dark backgrounds. (a,b) On the light background, t%% show structures, while settirfgto -75 darkens the colors

" I . in the green box and may result in inaccurate perception of

traditional composition reveals local structures but mtroduc%aﬁ )
. . . " e absolute density value.

severe color distortions, while our composition preserves

the hue and saturation of the original colors when showing

structures. (c,d) The traditional composition is not feasible on IV. EVALUATION

a dark background, while our composition still works well by We implemented our VIDP technique in Python and gener-

increasing the luminance according to shading intensities. ated density plots on a PC with an Intel Core i5-4590 3.3GHz

Additionally, addition operations are independent of thgPU @nd 24GB memory. To investigate the effectiveness of our
values of the operands, while multiplication is not. If th@PProach, we compared it with three density-plot techniques
original luminance at positiow is |y and the scaled intensity by (1) assessing their (_:_olor dlstqrtlons W't_h an established
is i0, the resulting luminance from multiplication will beUMeric metric [8] and (ii) conducting an online user study on

14, which is proportional to the original luminance. Thiglensity-plot-speci ¢ analysis tasks. Moreover, two case studies

su)agests that the same level of shading intensity will haggmonstrate the generality and interactivity of our technique.

a more signi cant impact in areas with higher luminanca Ne raw evaluation materials, including the images of density
in the density plot. For color-mapped densities with lar ots used in the evaluation and the code we used for statistical
luminance, multiplication operations may produce colors ngfi@lysis, can be found in the supplementary material.

in the colormap of the nal visualization (see Figure 1b and. Quantitative Evaluation

Figure 1c). In contrast, employing additive composition can 1, ¢ rm that our technique produces less color distortion

help reduce color distortions. than the existing ones, we measured the color distortion of the
visualization images produced by different techniques.

C. Parameter Analysis Density Plot Techniques We compared VIDP with three

In this section, we qualitatively inspect how the parameters existing density-plot techniques: CDP, IDP [3], and SUP [4],
our technique affect the quality of illumination (Figure 7). Weas shown in Figure 8. Splatterplot (SPP) [14] were not included
use a light background and a perceptually uniform colormapgcause they were designed not to show density to reduce the
Magma [26]. More illumination results under different settinggisual complexity, and therefore, did not support color-based
and datasets can be found in the supplementary material. Mekup and comparison tasks. By default, we set the parameters
also provide a web-based prototype system which users of our VIDP technique to the following values: exaggeration
can upload datasets and interactively adjust parameters. factorh = 5 and luminance scaling paramefer  25. The

Exaggeration factor h. Parameteh determines the degreebandW|dths of the large and small Gaussian kernels were set by

of exaggeration for the structures in low-density regions. llverman's rule of thumband the reciprocal of the plot width,

the degree of exaggeration increases, the result eventué?ls?/pecuvely’ and the light direction was automatically chosen

- . . L described in Figurdl-A. For SUP, we used the default
approachesspect shadingin which the intensity is solely a parameters provided by the implementation of the original

2https://xinchen-sdu.github.io/Visualization- Aware-lllumination-for- authors. For a fair compar_ison, we set the same bandwidth
Density-Plots/ for CDP and IDP based oBilverman's rule of thumband IDP
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Fig. 7: Parameter analysis on thertzsprung-Russell diagramataset [31]. (a,b,c,d) Increasilmgmakes low-density structures
more salient while the high-density structures remain unchanged. (e,f,c,g,h) Decreasizkes low-density structures clearer,
but at the same time darkens high-density structures.

datasets were collected from the UCI data repository [33]
and Kaggle [34] (Table IlI). The datasets are available on
GitHub? for replication and as a benchmark for comparing

future techniques. All density plots were generated using the
perceptually uniform color map Magma [26] and were resized
to a resolution of 900 600 pixels.

Measure. We utilized CIEDE2000 [8], a standard perceptual
color distance metric, to assess the Degree of Color Distortion
(DCD). The images produced by CDP were treated as the
baseline because it directly applies the given color map to
absolute density values. Color distortion is measured by the
average distance against CDP:

&}t ,CIEDE2000%;C)

Fig. 8: Density-plot techniques employed in our user study ] DCD.(X’C)._ ) ) ®)

on theperson activitydataset [32]: (a) The commonly-usedvhereX is the input image is the CDP image on the same

Continuous Density Plot (CDP), (b) llluminated Density Plofataseti is a pixel index, andN is the pixel count inX.

(IDP) using Phong shading, (c) SUnspot Plot (SUP) [4], and . o

(d) our Visualization-driven llluminated Density Plot (viDP).Results Figure 9 shows the results of the quantitative evalua-
i ) ) . tion. With CDP as baseline, VIDP has the least color distortion

used the'Pho“ng sha?mg quel with the same light dlr.ect|f)n2)1 followed by IDP ( 5), and SUP performed the worst

as SUP, i.e., “top-left’, an azimuth df20, and an elevation ( 8). However, we found IDP performed worse than SUP on

of 45. a few datasets, such as Person activity [32]. The reason is

Datasets For a comprehensive evaluation, we collected tdéhat the background color of the medium-density regions of

datasets with substantial diversity in their data distributioriBese datasets was largely altered by IDP, while SUP showed

and sizes ranging from 4K to 2.5M. Half of the datasets wegmall scatter points and kept the background color in these

synthetic to ensure the inclusion of outliers. Each synthetiegions. Though VIDP modi es the original color to reveal

dataset was generated by mixing four Gaussian distributiggiguctures, its color distortion is signi cantly less than IDP and

(for clusters) and a uniform distribution (for outliers). ThéSUP (p= 0:002 from the Mann-Whitney test against VIDP).

Gaussian distributions had the same number of points, with

randomly-determined means and variances. Outliers were

drawn from the uniform distribution covering the range of

the four Gaussian clusters, and the number of outliers was Se”'https://github.com/XinChen-SDU/VisuaIization-Aware-Illumination-for-

to 0:1% of the points in the clusters. The other ve real-worldensity-Plots
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Dataset | #Points Max Density # Clusters Outliers (%) a blue box and asked the participants to estimate the
g{;ggtggrgéga”d [33] | 284,807 5525 3 Qo0or maximum density value inside the region by looking up
Facial expressions [37] 12,903 251 7 0.0073% the color ramp located on the right side of the scatterplot
Person activity [32] 98,569 12.63 7 0.0018% (Figure 10c). Among four buttons with different density
Satimage [38] 4,435 0.42 5 00577%

— values arranged in ascending order, the participants were
TABLE II: Summary of the characteristics of the real-world  ;5ked to click on the button with the correct answer.

datasets used in our user study. The number of clusters and The incorrect answers were randomly sampled from a

the prqportion pf outliers are obtained using the DBSCAN range[ans rng 20%ans+ g 20%, where ans is

clustering algorithm [39]. the correct answer anahg is the difference between the
global maximum and minimum values. We measured the
absolute difference between the participant's answer and
the actual maximum density value, divided by the global
maximum value to normalize it to [0,1].

T3: Outlier identi cation: We highlighted twol5 15-px
sparse regions (A,B) using blue boxes, one of which
contains a single data point while the other is empty. The
participants were asked to choose the region containing an
outlier (Figure 10d). Each question offered three possible
answers (A, B, and “I cannot nd out”) and only one of
A or B was correct. To measure the error, we scored 0
for correct responses and 1 for incorrect.

As shown in Figure 10a, the rst task is relatedrtomerosity

: . . , comparisonand requires the participants to judge relative
Fig. 9: Comparison of the degree of color distortion produc nsity, involving both high-, medium-, and low-density regions

by four experimental techniques on ten datasets. Dash i BR1 DR2 DR3). The second task is aboutumerosity

indicate the average DCD of their corresponding techmqu Stimationand explore neighborhoadParticipants have to nd

For values out of the. pI(_)t range, we treat them as outliers aﬂﬂe maximum density value within the highlighted region and
draw a dark halo to indicate them. associate it with the position on the color bar to the righiR8).

B. Controlled User Study The last task involves abstract analysisd#ntifying anomalies
ggd searching for known motifexamining the visibility of
outliers PR2). For all tasks, we did not give an explicit time
limit to the participants and measured the response time in
Tasks & Measures We tested three analytic taskdensity seconds.

comparison density estimationand outlier identi cation.

These tasks were chosen for three reasons. First, they Qfgwuli. We employed the same techniques and datasets as
concrete representatives of well-established abstract analjicSectionIV-A. For each dataset and each task, we created
tasks on scatterplots [1], covering both aggregate-level tagw® stimuli with different randomly selected non-overlapping
and browsing-level taskslensity comparisoffior numerosity highlighted regions. As a result, for each participant, we
comparison,density estimationfor numerosity estimation generated a total o8 tasks 4 techniques 10 datasets

and neighborhood exploration, amditlier identi cation for 2 stimuli= 240 trials.

anomaly identi cation and searching for a known motif (Fig-

ure 10a). For this reason, these tasks have also been empldyéaotheses We expect our approach to outperform the state-
in prior research for scatterplot or density plot evaluation MO@‘-the-art technlque_s In preserving relative den5|t|e§, while
[42]. Finally, these tasks are also well aligned with the threumultaneously showing underlying structures and outliers and
design requirements we speci ed (Section 1), allowing us {Hpporting accurate lookup and comparison of absolute density

gauge how VIDP supports each of the requirements. A detailégues: Hence, we postulate the following three hypotheses:
description of the three tasks is given below: H1: VIDP outperforms the other techniques in terms of

T1: Density comparisanFollowing the methodology of Traut- accuracy in thalensity comp_arisonask (T1). .
ner elt{al. [4]F,)w:a highligmeg w80 30-px rgéions (:, H2: In terms of_accgracy, VIDP is comparable to CDP in the
B) using two blue boxes and asked the participants to density estimatiosask (T2), followed by IDP, and SUP

; : ; - ; has the worst performance.
h he region with a higher density (Figure 10b),

Ea?:?lsgutes?iorfg)geredtthraee r?osiib?ee a?wg\//ve(zrsg(L,JA,eB,oa) 2 In terms of accuracy, VIDP is comparable to SUP in the

“| cannot nd out”). Only one of A or B was correct, and outlier identi cation task (T3), and performs better than

the last choice was always regarded as a wrong answer. CDP and IDP.

To measure the error, we scored 0O if the participantRilot Study. We conducted a pilot study with eight graduate

response was correct and 1 otherwise. students to test our experimental design. Before the study, we
T2: Density estimationFollowing the methodology of Traut-explained the tasks to the participants and instructed them to

ner et al. [4], we highlighted on80 30-px region using estimate density values based on the color bar to the right. Then,

Our user study compares VIDP with three other techniqu
on three density-plot-speci ¢ analysis tasks.
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