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ABSTRACT. Color quantization (ca) is a classical image processing operation that reduces the
number of distinct colors in a given image. Although the idea of ca dates back to
the early 1970s, the first true ca algorithm, median-cut, was proposed later in
1980. Since then, hundreds of publications have investigated the topic of caq, pro-
posing dozens of algorithms. A vast majority of these publications demonstrate their
results on small datasets, containing a handful of images of mixed quality.
Furthermore, the reproducibility of ca research is often limited due to the use of pri-
vate test images or public testimages with multiple non-identical copies on the World
Wide Web or restrictive licenses. To address these problems, we curated a large,
diverse, and high-quality dataset of 24-bit color images called ca100 and released it
under a permissive license. We present an overview of ca100 and demonstrate its
use in comparing ca algorithms.
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1 Introduction

24-bit color images have become commonplace since the turn of the millennium.' These images
typically contain hundreds of thousands of distinct colors, which complicate their display,
storage, transmission, processing, and analysis. Color quantization (cQ) is a common image
processing operation that reduces the number of distinct colors in a given image. Figure 1 shows
the pencils image (Ref. 3, ccO license, 768 x 512 pixels) and its quantized versions with 4, 16,
64, and 256 colors obtained using the median-cut algorithm.* It can be seen that the reproduction
is reasonably accurate with only 64 colors and is nearly indistinguishable from its original with
256 colors.

cQ is composed of two phases: color palette design and pixel mapping. In the former phase,
a small set of colors, called the color palette, representing the input colors is selected, whereas, in
the latter phase, each pixel in the input image is assigned to one of the palette colors. The purpose
of cq s to reduce the number of distinct colors in a given image to a significantly smaller number
with minimal distortion. Since natural images often contain a wide range of colors, faithful repro-
duction of such images with a small color palette is a challenging problem. In fact, cQ can be
characterized as a large-scale combinatorial optimization problem.’

There are several ways to classify cqQ algorithms. Image-independent algorithms design a
universal color palette without regard to any particular input image, whereas image-dependent
ones design a custom color palette based on the distribution of the colors in a given input image.

*Address all correspondence to M. Emre Celebi, ecelebi @uca.edu
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(d) (e)
Fig. 1 Pencils and its various quantized versions: (a) original (117,157 colors), (b) 4 colors,
(c) 16 colors, (d) 64 colors, and (e) 256 colors.

Unsurprisingly, a vast majority of cQ algorithms are image-dependent. Another classification
scheme is based on the nature of the underlying clustering algorithm.® Hierarchical algorithms
recursively find nested clusters in a top-down (or divisive) or bottom-up (or agglomerative) fash-
ion. In contrast, partitional algorithms find all the clusters simultaneously as a partition of the
data without imposing a hierarchical structure on the data.” Early cqQ algorithms were mostly
hierarchical, whereas modern cQ algorithms tend to be partitional.8 Yet another classification
scheme is based on whether or not the palette size is allowed to change during the cQ process.
Static algorithms assume that the palette size is a constant to be specified by the user in advance,
whereas dynamic algorithms compute the palette size automatically at run-time. A vast majority
of cq algorithms proposed to date are image-dependent and static. Therefore, in this paper, we
focus primarily on such algorithms. (The extraction of relevant colors (i.e., colors that stand out
to an observer’) from a color image, which is an important task in specific application domains
such as fine arts”'? and medicine,'"!? is outside the scope of this study.)

Many popular partitional algorithms are based on the local optimization of an objective
function, which is typically nonsmooth and nonconvex with numerous local optima. Hence,
such algorithms are often highly dependent on initialization'® and can easily get stuck in a poor
local optimum. By contrast, metaheuristic-based algorithms are formulated based on global
optimization and, thus, are less sensitive to initialization.

CQ was a necessity in the past due to the limitations of the display hardware, many of which
could not handle the number of colors that can be present in a typical 24-bit image. Over the past
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decades, 24-bit display hardware have become ubiquitous. However, cq is still used in many
visual computing applications as a preprocessing step. Modern applications of cqQ include
non-photorealistic rendering, image matting, image dehazing, image compression, color-to-gray-
scale conversion, image watermarking/steganography, image segmentation, content-based image
retrieval, color analysis, saliency detection, and skin detection. For specific references, see Ref. 8.

Despite the over four decades of research on cq, there is currently no benchmark dataset on
which cq algorithms can be developed, tested, and compared.® Many cq studies employ a subset
of the usc-sipl image database (Available at Ref. 14) or the Kodak lossless true color image suite
(Available at Ref. 15). The usc-sipr dataset contains 14 scanned images of relatively poor quality
(in modern standards). Furthermore, the copyright status of many of these images is unknown.
The Kodak dataset contains 24 relatively high-quality images in the public domain. However, the
dataset is neither sufficiently diverse nor sufficiently large to permit comprehensive evaluation of
cQ algorithms. (For example, in the usc-sip1 dataset, three (=21%) images (4.1.01, 4.1.03, and
4.1.04) are portrait photos, two images (4.1.04 and 4.1.02) show the same person, and two
images (4.1.07 and 4.1.08) depict identical objects. On the other hand, one-third of the Kodak
images portray water bodies. In addition, the dataset contains pairs of images featuring identical
objects [i.e., kodim02 depicts a subregion of kodimO1, whereas kodim06 and kodim11 depict
the same boat captured in two separate yet similar scenes.]) To address these problems, we
curated a large, diverse, and high-quality dataset of 24-bit color images called cQ100 and released
it under a permissive license.

The remainder of this paper is organized as follows. Section 2 gives a detailed description of
our dataset. Section 3 demonstrates the use of our dataset in comparing cQ algorithms. Finally,
Sec. 4 concludes the paper and suggests future research directions.

2 Description of the Dataset

Our objective was to collect a large, diverse, and high-quality dataset of images and release it
under a permissive license. We started by collecting over 100 images from three public sources:

¢ Wikimedia Commons (Available at Ref. 16): A repository of over 88 million freely useable
media files.

¢ PxHere (Available at Ref. 3): a repository of over one million ccO -licensed images.

¢ Kodak lossless true color image suite: a collection of 24 Kodak photo cp images placed in
the public domain by the Eastman Kodak Company.

During the image collection process, we paid particular attention to the diversity of content
and license compatibility issues. Once we obtained a tentative dataset with 100+ images, we
eliminated the images with outlying aspect ratios using the following iterative process. We first
computed the mean (/) and standard deviation (s) of the aspect ratios (Ordinarily, the aspect ratio
of an H X W image is given by W /H. However, to treat portrait and landscape images uniformly,
we computed the aspect ratio as max(W/H, H/W).) of the current set of images and then elim-
inated those with outlying aspect ratios, that is, aspect ratios outside the range [m — 2s, m + 2s].
We added a few more images to the set (from the aforementioned public sources) and then
repeated the above outlier removal process until we were left with 100 images. The character-
istics of this dataset were:

¢ Sources: Wikimedia Commons (73), PxHere (23), and Kodak lossless true color image
suite (4).

¢ Categories: animals (18), food (17), miscellaneous (6), objects (23), people (8), places (11),
plants (6), and vehicles (11).

* Licenses: public domain (14), ccO (25), cc By (7), and cc BY-sA (54).

The images in our initial dataset had dimensions ranging from 768 X 512 to 6498 x 8123. To
facilitate comparisons, it is desirable to have all images contain the same number of pixels. A
simple way to achieve this goal is to resize all images to the same dimensions (and thus the same
aspect ratio). To this end, we performed a grid search between the minimum (I = 1.25) and
maximum (u = 1.64) aspect ratios in the dataset with a step size of (u — [)/1000. The optimal
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aspect ratio minimizing the average relative deviation (Given an image, let a and a be its aspect
ratios before and after resizing, respectively. The relative deviation in the aspect ratio caused by
the resizing operation is then ¢ = |&@ — a|/a.) turned out to be 1.49973, which is very close to the
standard 3:2 aspect ratio commonly used in 35-mm film photography and digital single-lens
reflex camera (DSLR) photography. Accordingly, we resized [We used the resize operator (with
the default Lanczos resampling filter) of the convert program of ImageMagick 7.1.0-33 (avail-
able at Ref. 17)] all portrait and landscape images in our initial dataset respectively to 512 X 768
and 768 X 512 to achieve our target aspect ratio of 1.5. These resizing operations caused an
average of only 5.35% relative distortion in the aspect ratio, which is negligible. Other than
resizing, file renaming and file format conversion were the only modifications made to the origi-
nal images. Most of the files originally had meaningless or long and overly descriptive names,
some reaching 120 characters. Therefore, we renamed each file concisely to accurately reflect its
contents. This renaming operation reduced the mean filename length from about 40 to about 12.
As for file formats, 95 of the images were originally stored in the jpG format and 5 in the PNG
format. We converted all images to the uncompressed binary ppm format. pPM™ is popular in visual
computing because it is uncompressed, and ppM files are easy to read and write, owing to their
extremely simple structure. As mentioned earlier, each image in cQ100 has one of four types of
licenses (For an overview of these licenses, visit Ref. 18.) (listed in decreasing permissiveness):

¢ Public domain: no known copyright.

* cc0 (Creative Commons zero 1.0 universal): no rights reserved.

¢ cc BY (Creative Commons attribution): others may share and adapt the work, even com-
mercially, as long as they credit the copyright holder for the original work.

* cc BY-sA (Creative Commons attribution-share alike): others may share and adapt the work,
even commercially, as long as they credit the copyright holder for the original work and
license their new works under the same license as the original.

Since these licenses are mutually compatible, we released cQ100 under the least permissive
of them, namely the cc By-sa 4.0 license. Nevertheless, this license allows anyone to share and
modify our dataset with the restrictions noted above. The metadata associated with each image
include the following 16 attributes: original image filename, modified image filename, image
category, source URL, license, license URL, author, author URL, modifications made to the original
image, additional notes about the original image, original image width, original image height,
original image number of colors, modified image width, modified image height, and modified
image number of colors.

To demonstrate the diversity of cQl00, we show thumbnails for images 1 through 25, 26
through 50, 51 through 75, and 76 through 100 in Figs. 2-5, respectively. The numeric id around
each thumbnail indicates the alphabetical order of the filename of the corresponding image,
e.g., 1: adirondack_chairs; 2: astro_bodies,. .., 99: wool_carder_bee; and 100: yasaka_pagoda.
A more detailed view of a subset of cQ100 is given in Fig. 6, which displays a sample image from
each category. Note that for each image featured in Figs. 2—6, the original license is given in the
respective caption.

Figures 7 and 8 show box plots of the distribution of respectively the number of distinct
colors and colorfulness'® per image for cQ100, Kodak, and usc-sip1 datasets. It can be seen that
cQl00 has a greater color diversity compared to the other two datasets.

3 Demonstration of the Dataset

In this section, we demonstrate the use of our cQ100 dataset on a cqQ task. First, we describe the
experimental setup and present a brief qualitative assessment. Then, we conduct a more detailed
quantitative assessment and discuss its implications.

3.1 Experimental Setup and Qualitative Assessment

We compare the following 21 cq algorithms (listed in chronological order) with respect to their
effectiveness [An effective cqQ algorithm is one that produces minimal distortion, as quantified by
a chosen image fidelity metric (see Sec. 3.2).]:
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Fig. 2 Thumbnails for images 1 through 25 (3, 5, 10, 18, and 21 are in the public domain; 6, 15, 16,
and 23 are licensed under cc0; the others are licensed under cc By-sA).

* Median-cut algorithm® (divisive hierarchical) (Mc)

* Popularity algorithm* (partitional) (PoP)

* Octree algorithm? (agglomerative hierarchical) (ocT)

e Wan et al.’s marginal variance minimization algorithm?' (divisive hierarchical) (WaN)
* Orchard and Bouman’s binary splitting algorithm®* (divisive hierarchical) (Bs)
* Wu’s variance minimization algorithm® (divisive hierarchical) (wu)

* Dekker’s self-organizing map algorithm®* (partitional) (som)

e Split-and-merge algorithm® (agglomerative hierarchical) (sam)

¢ Batch k-means algorithm initialized using ver?® (partitional) (wsm)

* Fuzzy c-means algorithm initialized using wu?’ (partitional) (WFcM)

* Adaptive distributing units algorithm®® (partitional) (Apv)

* Variance-cut algorithm with Lloyd iterations®® (divisive hierarchical) (vcL)

* Ant-tree algorithm® (metaheuristic) (arcQ)
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Fig. 3 Thumbnails for images 26 through 50 (35, 39, 44, and 48 are in the public domain; 26, 28,
29, 36, 37,41, 42, 47, and 49 are licensed under cc0; 34, 45, and 50 are licensed under cc By; and
the others are licensed under cc By-sa)

* Firefly algorithm combined with atcQ®' (metaheuristic) (FFATCQ)

¢ Artificial bee colony combined with ATcQ*? (metaheuristic) (ABCATCQ)

e Shuffled-frog leaping algorithm®® (metaheuristic) (SFLA)

e wu combined with atcQ® (metaheuristic) (WUATCQ)

* Particle swarm optimization combined with atcQ® (metaheuristic) (PSOATCQ)
 Bs combined with 1maTcQ*® (metaheuristic) (BSITATCQ)

* Iterative ATcQ’’ (metaheuristic) (ITATCQ)

e TIterative online k-means algorithm® (partitional) (10km)

These algorithms represent the cQ work published between 1980 and 2022. (For a modern
survey of cq, see Ref. 8.) However, it should be noted that our objective is not to perform an
exhaustive comparison of the cq algorithms published over the past 40 years but to demonstrate
the use of the presented dataset in comparing several popular cQ algorithms.
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Fig. 4 Thumbnails for images 51 through 75 (51, 60, 73, and 74 are in the public domain; 63, 64,
and 66 are licensed under ccO; 67 is licensed under cc By; and the others are licensed under
CC BY-SA).

We execute each algorithm with the default parameter values suggested by its authors (see
Table 1) and quantize each image in our dataset to 4, 16, 64, and 256 colors separately. The cases
of 4 and 256 colors represent the two extremes. It can be argued that a typical natural image can
hardly be quantized to fewer than 4 colors, and most images can be reproduced relatively accu-
rately with no more than 256 colors.

Figures 9-12, respectively show the shopping bags, motorcycle, umbrellas, and common
jezebel images quantized using three algorithms (in each figure, going from top to bottom, the
subfigures are arranged in progressively decreasing quality). Given an input image, for each
algorithm, we display the corresponding reduced-color output image and a grayscale error image
that allows us to visualize the differences between the input and output. The error image is
obtained by amplifying the pixelwise normalized Euclidean differences between the input and

Journal of Electronic Imaging 033019-7 May/Jun 2023 e Vol. 32(3)



Celebi and Pérez-Delgado: ca100: a high-quality image dataset. . .

81
Fig. 5 Thumbnails forimages 76 through 100 (79 is in the public domain; 76, 78, 82, 86, 88, 91, 92,

97, and 98 are licensed under cc0; 84, 89, and 96 are licensed under cc By; and the others are
licensed under cc By-sA).

output by a factor of four and then negating them for better visualization (see below). Hence, the
cleaner/lighter the error image, the better the reproduction of the input image.

Let Ipgg and Iggp respectively denote the H x W original input and quantized output
images in the standard RGB (sRGB) color space.” Iy (7, ¢) and Tggg (7, c) are then three-dimen-
sional vectors containing the rGB values of the pixel with (row, column) coordinate (r,c) in
Irgg and Ty, respectively (r € {1,...,H} and ¢ € {1,..., W}). The corresponding pixel in
the 8-bit error image E is then computed as

4 -
E(r,c) =255 -——||I r,c)—1 r,c)ll,, €))
(r.c) 75 I (7€) = Iran(r. ),
where || - ||, denotes the Euclidean (#,) norm. Note that the division by a v/3 is necessary for

the RGB -to-grayscale conversion, and pixels in E with negative values are clipped to zero.
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)

Fig. 6 Sample images from ca100: (a) red-eyed tree frog (animals), (b) fruits (food), (c) color
checker (miscellaneous), (d) nylon cords (objects), (e) schoolgirls (people), (f) cosmic vista
(places), (g) daisy bouquet (plants), and (h) sports bicycles (vehicles). Images (a), (e), and (f) are
in the public domain; the others are licensed under ccO.

3.2 Quantitative Assessment and Discussion

Quantitative assessment remains to be one of the least explored aspects of cqQ.® Most cq studies
employ pixelwise image fidelity metrics such as the mean squared error (MSE), or its variants such
as the peak signal-to-noise ratio (pSNR), computed in the RGB color space. Recently, Ref. 40 inves-
tigated 25 fidelity metrics and concluded that MSE computed in the CIELAB color space was among
the best. Following their recommendation, we compute the MSE metric as follows:

1

ow % 2

H W 5
ZZ eras (. ¢) = IepLas (7. €)

r=1 c=1

MSE(cpas, Icmias) =
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Fig. 7 Box plot of the distribution of the number of distinct colors per image for ca100, Kodak, and
usc-sipl datasets.
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Fig. 8 Box plot of the distribution of the colorfulness per image for ca100, Kodak, and usc-sipi
datasets

where Iy ap and Toggap respectively denote the H X W original input and quantized output
images in the ciELAB color space. Thus, MSE represents the average color distortion in the CIELAB
color space with respect to the squared Euclidean (#3) norm. Note that in the RGB -to- CIELAB
conversion, we assume a working color space of srRGB and a D65 reference white.

The presented cQl00 dataset includes the 100 (true-color) input images and their metadata
(as described in Sec. 2), 8400 (reduced-color) output images (21 cqQ algorithms X100 input
images x{4,16,64,256} colors), and Microsoft Excel worksheets containing the mse for each
input/output image combination. (Other image fidelity metrics can be computed over the pro-
vided input/output images.) By contrast, to the best of our knowledge, for the usc-siprt and Kodak
datasets, there is no public repository containing the output images produced by a variety of
algorithms and the corresponding MSE values.

To determine if there are any statistically significant differences among the cqQ algorithms,
we employ two nonparametric statistical tests:*' the Friedman test*’ and the Iman-Davenport
test.*’ These tests are alternatives to the parametric two-way analysis of variance (ANOVA) test.
Their advantage over ANOvA is that they do not require normality or homoscedasticity, assump-
tions that are often violated in machine learning or optimization studies.**®

Given B blocks (subjects) and 7T treatments (measurements), the null hypothesis (H) of the
Friedman test is that populations within a block are identical. The alternative hypothesis (H) is
that at least one treatment tends to yield larger (or smaller) values than at least one other treat-
ment. The test statistic is computed as follows.* In the first step, the observations within each
block are ranked separately, so each block contains a separate set of T ranks. If ties occur, the tied
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Table 1 Parameter setting for each ca algorithm.

Algorithm Parameter setting

MC/POP/WAN/WU Number of bits: 5

ocT Maximum depth: 6

SOM Sampling factor: 1

SAM Initial number of clusters: 20x number of colors
WSM Decimation factor: 2

Maximum number of iterations: 100
Convergence threshold: 0.001

WFCM Decimation factor: 2
Maximum number of iterations: 100
Convergence threshold: 0.001
Weighting exponent: 2

ADU Learning rate: 0.015

VCL Decimation factor: 2
Number of bits: 5
Number of iterations: 10

ATCQ a=0.25, 0.3, 0.35, and 0.4 for 4, 16, 64, and
256 colors, respectively.

FFATCQ Number of fireflies: 5
a ={0.25,0.30,0.35,0.40,0.45}
Number of iterations: 20
ABCATCQ Number of food sources: 5
a = {0.25,0.30,0.35,0.40,0.45}
Number of iterations: 20
SFLA Number of frogs: 8
Number of memeplexes: 2
Number of iterations: 20
PSOATCQ Number of particles: 5
a ={0.25,0.30,0.35,0.40,0.45}
Number of iterations: 20
BSITATCQ Number of iterations: 20
ITATCQ a=0.35

lterations: 20

observations are given the mean of the rank positions for which they are tied. If H, is true, the
ranks in each block should be randomly distributed over the columns (treatments). Otherwise, we
expect a lack of randomness in this distribution. For example, if a particular treatment is better
than the others, we expect small ranks to “favor” that column. In the second step, the ranks in
each column are summed. If H, is true, we expect the sums to be fairly close—so close that we
can attribute differences to chance. Otherwise, we expect to see at least one difference between
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(f) (9)

Fig. 9 (a) Shopping bags (13,752 colors) and its various quantized versions (4 colors): (b) wrcwm,
(d) wuatca, and (f) Bsitatca. Subfigures (c), (e), and (g) are the error images corresponding to
subfigures (b), (d), and (f), respectively.

pairs of rank sums so large that we cannot reasonably attribute it to sampling variability. The
test statistic is given as

12 T
2=—— " % R2-3B(T+1), 3

where R; (j € {1.2,...,T}) is the rank sum of the jth column. 4?2 is approximately chi-square
with (T — 1) degrees of freedom. H, is rejected at the a level of significance if the value of (3) is
greater than or equal to the critical chi-square value for (7 — 1) degrees of freedom.
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() | (@)

Fig. 10 (a) Motorcycle (212,020 colors) and its various quantized versions (16 colors): (b) psoaTcaq,
(d) apu, and (f) esiTaTca. Subfigures (c), (e), and (g) are the error images corresponding to
subfigures (b), (d), and (f), respectively.

Reference 43 proposed the following alternative statistic

(B— 1)

o= A
"OB(T-1)-p

“

which is distributed according to the F-distribution with (7 — 1) and (7T — 1)(B — 1) degrees of
freedom. Compared to y2, this statistic is not only less conservative but also more accurate for
small sample sizes.*’

In this study, blocks and treatments correspond to images and cqQ algorithms, respectively.
For each K € {4,16,64,256}, our goal is to determine if at least one algorithm is significantly
better than at least one other algorithm at the @ = 0.05 level of significance. If this is the case,
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Q

(9)

Fig. 11 (a) Umbrellas (217,673 colors) and its various quantized versions (64 colors): (b) sFLA,
(d) aBcatcaq, and (f) wrem. Subfigures (c), (e), and (g) are the error images corresponding to
subfigures (b), (d), and (f), respectively.

we perform multiple comparison testing to determine which pairs of algorithms differ signifi-
cantly. For this purpose, we employ the Bergmann-Hommel test™ (also at the a = 0.05 level),
a powerful multiple comparison test that has been used successfully in various machine learning
studies.'* #1153 (The power of a binary hypothesis test is the probability that the test correctly
rejects the null hypothesis.) Bergmann-Hommel is a dynamic test that considers the logical rela-
tions among the hypotheses and is strictly more powerful®* than various alternative tests that
control the familywise error rate (The familywise error rate is the probability of falsely rejecting
at least one null hypothesis when performing multiple comparison tests.) such as Nemenyi,>
Holm,*® and Shaffer’” tests.

Table 2 gives the mean rank of each cq algorithm over the dataset for K € {4,16,64,256}
(lower ranks are better). The last column gives the mean of the (mean) ranks over the four K
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(9)

Fig. 12 (a) Common jezebel (137,446 colors) and its various quantized versions (256 colors):
(b) Apu, (d) wsm, and (f) 1okm. Subfigures (c), (e), and (g) are the error images corresponding to
subfigures (b), (d), and (f), respectively.

values. Unsurprisingly, the top ranks are occupied by partitional and metaheuristic-based algo-
rithms. As mentioned earlier, the Bergmann-Hommel test is a powerful multiple comparison test.
However, this power comes at the expense of a very high computational cost. More specifically,
the test takes exponential time in the number of hypotheses;™® thus, it cannot handle more than ten
algorithms, even on a high-performance cpu. To address this problem, we eliminate the patently
inferior algorithms,48 namely all seven hierarchical algorithms (i.e., BS, MC, OCT, SAM, VCL, WAN,
and wu) and the five partitional or metaheuristic-based algorithms that rank in the bottom half
(i.e., ATCQ, FFATCQ, ITATCQ, POP, and som). Thus, the nonparametric statistical analyses below are
conducted for the remaining nine algorithms (Even if the Bergmann-Hommel test could handle
all 21 algorithms, it would have been extremely unwieldy to analyze the test results involving
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Table 2 Mean rank of each ca algorithm for K € {4,16,64,256}.

Algorithm K=4 K =16 K =164 K =256 Mean
ABCATCQ 6.50 5.61 3.75 412 5.00
ADU 11.45 8.00 5.06 2.99 6.88
ATCQ 14.71 18.08 18.01 17.39 17.05
BS 13.41 15.05 14.68 13.55 14.17
BSITATCQ 10.20 8.56 8.04 6.81 8.40
FFATCQ 8.77 11.61 12.06 12.48 11.23
IOKM 6.94 4.91 4.45 4.98 5.32
ITATCQ 9.84 11.36 12.42 10.44 11.02
MC 17.61 19.34 19.89 20.06 19.23
ocT 14.08 15.78 15.29 13.21 14.59
POP 20.77 20.89 20.87 20.70 20.81
PSOATCQ 6.19 3.21 2.71 3.58 3.92
SAM 10.48 10.35 12.24 13.98 11.76
SFLA 6.28 5.41 5.93 7.78 6.35
som 17.03 13.98 10.02 8.61 12.41
vCL 12.51 13.14 15.53 17.17 14.59
WAN 15.08 16.83 18.19 18.78 17.22
WFCM 4.53 5.18 7.94 10.66 7.08
WSM 7.04 4.67 3.78 3.32 4.70
wu 8.85 10.59 11.61 11.92 10.74
WUATCQ 8.72 8.45 8.53 8.46 8.54

(221) = 420 hypotheses, as opposed to (g) = 36 hypotheses, and such an analysis would

have more than likely yielded complex and uninterpretable rules.), namely ABCATCQ, ADU,
BSITATCQ, IOKM, PSOATCQ, SFLA, WFCM, WsM, and WUATCQ.

For K = 4 colors, both Friedman and Iman-Davenport tests detect a statistically significant
difference in image fidelity (or effectiveness) among the cq algorithms: y2(8) = 158.990 with
p =9.613e — 11 and F,(8,792) = 24.555 with p = 6.675e — 34. The results of the Bergmann-
Hommel test are given in column 2 of Table 3. For example, the test rejects the null hypothesis
“ABCATCQ versus ADU” (i.e., the two algorithms are equally effective). Since we know from Table 2
that ABcaTcqQ has a lower (or better) rank than Abu for K = 4, the rejection of the above hypothesis
means ABCATCQ is more effective than apu for K = 4 and the difference between the two algo-
rithms is statistically significant at the @ = 0.05 level. The results of the Bergmann-Hommel test
can be summarized succinctly as follows:

WFCM > { ABCATCQ, PSOATCQ, SFLA, WSM} > {ADU, BSITATCQ, WUATCQ},
where a notation such as {a, B} > c indicates that there is no statistically significant difference
between algorithms A and B, and these two algorithms are significantly more effective than (or
superior to) algorithm c. The above (summary) rule can be interpreted as follows:

* WwrcM is the best algorithm;
¢ {ADU, BSITATCQ, WUATCQ} is the worst group of algorithms; and
¢ {ABCATCQ, PSOATCQ, SFLA, WSM} is in between.
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Table 3 Results of the Bergmann-Hommel test for K € {4,16,64,256}
(v: rejected and X: not rejected).

Null hypothesis K=4 K =16 K =64 K =256
ABCATCQ Versus Abu v v X v
ABCATCQ VErsus BSITATCQ v v v v
ABCATCQ Versus IoKM X X X v
ABCATCQ VErsus PSOATCQ X v X X
ABCATCQ Versus SFLA X X v v
ABCATCQ Versus WFCM v X v v
ABCATCQ Versus wsm X X X X
ABCATCQ VErsus WUATCQ v v v v
ADU Versus BSITATCQ X X v v
ADU VErsus I0KM v v X v
ADU VErsus PSOATCQ v v v X
ADU VErsus SFLA v v X v
ADU Versus WFCM v v v v
ADU Versus wsm v v X X
ADU VEersus WUATCQ X X v v
BSITATCQ VErsus I0Km v v v v
BSITATCQ VErsus PSOATCQ v v v v
BSITATCQ VErsus SFLA v v v X
BSITATCQ VErsus WFCMm v v X v
BSITATCQ VErsus wsm v v v v
BSITATCQ VErsuS WUATCQ X X X v
IOKM VErsus PSOATCQ X v v v
IOKM VErsus SFLA X X X v
IOKM VErsus WFCM v X v v
IOKM VEersus wsm X X X v
IOKM Versus WUATCQ X v v v
PSOATCQ VErsus SFLA X v v v
PSOATCQ Versus WFCM v v v v
PSOATCQ Versus wsm X v v X
PSOATCQ VErsus WUATCQ v v v v
SFLA VErsus WFCM v X v v
SFLA Versus wsm X X v v
SFLA VErsus WUATCQ v v v v
WFCM Versus wsm v X v v
WFCM VErsus WUA TCQ v v X X
WSM Versus WUATCQ v v v v
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Observe that the above summary does not include 1okm. This is because, as Table 3 shows,
while 10kM is inferior to wrcM and superior to {ADU, BSITATCQ}, it cannot be included in group
{ ABCATCQ, PSOATCQ, SFLA, WSM } since it is not superior to WUaTcQ. Hence, an alternative rule,
including 10km but excluding WuATCQ, is

WFCM > {ABCATCQ, IOKM, PSOATCQ, SFLA, WSM} > {ADU, BSITATCQ}.

For K = 16 colors, both Friedman and Iman-Davenport tests detect a statistically significant
difference in image fidelity (or effectiveness) among the cq algorithms: y2(8) = 203.771 with
p =9.240e — 11 and F,(8792) = 33.835 with p = 4.888e — 46. The results of the Bergmann-
Hommel test are given in column 3 of Table 3. In this case, the results can be summarized by a
single rule that covers all nine algorithms:

PSOATCQ > {ABCATCQ, IOKM, SFLA, WFCM, WSM} > {ADU, BSITATCQ, WUATCQ}, which can be
interpreted as follows:

* psoATCQ is the best algorithm;
¢ {ADU, BSITATCQ, WUATCQ} is the worst group of algorithms; and
e {ABCATCQ, IOKM, SFLA, WFCM, WSM} is in between.

For K = 64 colors, both Friedman and Iman-Davenport tests detect a statistically significant
difference in image fidelity (or effectiveness) among the cq algorithms: x2(8) = 330.423 with
p = 1.416e — 10 and F,(8,792) = 69.663 with p = 1.763¢ — 86. The results of the Bergmann-
Hommel test are given in column 4 of Table 3. In this case, the results can be summarized by
three alternative rules:

® PSOATCQ > {ADU, IOKM, WSM} > {BSITATCQ, WFCM, WUATCQ};
e [ABCATCQ, ADU, IOKM, WSM} > {BSITATCQ, WFCM, WUATCQ}; and
® PSOATCQ > {ADU, IOKM, SFLA} > {BSITATCQ, WFCM, WUATCQ}.

Observe that {BSITATCQ, WFCM, WUATCQ} is the worst group of algorithms in every case.

For K = 256 colors, both Friedman and Iman-Davenport tests detect a statistically signifi-
cant difference in image fidelity (or effectiveness) among the cq algorithms: x2(8) = 394.704
with p =1.872e — 10 and F,(8,792) = 96.413 with p = 1.441e — 111. The results of the
Bergmann-Hommel test are given in column 5 of Table 3. In this case, the results can be sum-
marized by two alternative rules:

¢ {ADU, PSOATCQ, WSM} > IOKM > {BSITATCQ, SFLA} > {WFCM, WUATCQ} and
* {ABCATCQ, PSOATCQ, WSM} > IOKM > {BSITATCQ, SFLA} > {WFCM, WUATCQ}

Observe that, in either case, {wrcM, wuatcQ} is the worst group of algorithms; {BsiTATCQ,
sFLA} is the second-worst group; and 10kM is superior to the preceding two groups.
General remarks with respect to effectiveness (recall that lower ranks are better):

® ABCATCQ is always in the best or second-best group;

* ADU ranks progressively lower (This behavior is likely due to the constant learning rate used
in the experiments, as suggested by Ref. 28. For better performance, this rate should prob-
ably be set as a function of K.) with increasing K (it is in the worst group for K € {4,16}
but the best or second-best group for K € {64,256});

* BsITATCQ ranks progressively lower with increasing K (nevertheless, it is in the worst group
for K € {4,16,64} and the second-worst group for K = 256);

* 10KM is always in the best or second-best group;

* pSOATCQ is in the best group for K € {16,64,256} and the second-best group for K = 4;

* sFLA is in the second-best group for K € {4,16,64} and the second-worst group
for K = 256;

* wrcM ranks progressively higher (The lackluster performance of wrcm, which is a fuzzy
generalization of wsm, was demonstrated earlier by Ref. 27 on a limited number of

images.) with increasing K (it is the best algorithm for K = 4 but in the worst group for
K € {64,256});
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* wsM ranks progressively lower with increasing K (it is always in the best or second-best
group); and
® WUATCQ is always in the worst group.

Finally, for each K value, if we were to recommend a single algorithm based on effective-
ness considerations, it would be: wrcm for K =4, psoarcQ for K € {16,64}, and apu
for K = 256.

It is important to emphasize that in our experiment, we compared these cqQ algorithms
along a single dimension (MSE in the cIELAB color space). There are many other criteria on
which one can compare cq algorithms, including computational efficiency, simplicity (concep-
tual and implementation), and ease of use (e.g., as measured by the number of user-defined
parameters). For example, while 10km is inferior to psoaTcqQ based on effectiveness (as quanti-
fied by MsE), it is vastly superior based on the other three criteria mentioned above. Therefore,
there is no such thing as a universal cQ algorithm, and the best algorithm depends highly on the
application requirements.

4 Conclusions and Future Research Directions

In this paper, we presented cQl00, a large, diverse, and high-quality dataset of 24-bit color
images released under the cc By-sa 4.0 license. We also demonstrated how cQ100 can be used
to compare cQ algorithms based on the popular MSE metric (computed in the CIELAB color space).
Future work includes a multivariate comparison of cqQ algorithms over cQ100 based on several
image fidelity metrics.

The use of cQ100 is not restricted to cQ. For example, it can also be used to develop, test,
and compare filtering® or segmentation®*®! algorithms. However, for some applications, the
images in the dataset may need to be annotated by one or more human experts. For example, in
a segmentation application, the annotation for a given image could include bounding boxes
around objects of interest or a segmentation mask for the entire image. cQ100 is significantly
larger and more diverse than its two main competitors (i.e., usc-sipl and Kodak). Although the
current size of the dataset appears to be adequate for its primary target application, which is an
unsupervised learning task, it should be expanded if it is to be used for supervised learn-
ing tasks.

Data, Materials, and Code Availability

The ca100 dataset presented in this paper is available at Ref. 62. The dataset includes the 100
(true-color) input images and their metadata, 8400 (reduced-color) output images (21 ca algo-
rithms x100 input images x{4,16,64,256} colors), and Microsoft Excel worksheets containing
the mse for each input/output image combination.
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