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Abstract

In this study, a novel color quantization approach which automatically estimates the number of colors by multi-level thresh-
olding based on the histogram is proposed. The method consists of three stages. First, red—green—blue is clustered by thresh-
old values. Thus, the pixels are positioned in a cluster or sub-prism. Second, the color palette is produced by determining
the centroids of the clusters. Finally, the pixels are reassigned to clusters based on their distance from each centroid. The
average of the pixels included in each cluster also represents the color of that cluster. While conventional methods are user-
dependent, the proposed algorithm automatically generates the number of colors by considering the pixels assigned to the
clusters. Additionally, the multi-level thresholding approach is also a solution to the initialization problem, which is another
important issue for quantization. Consequently, the experimental results of the method tested with various images show
better performance than many frequently used quantization techniques.
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Abbreviations
RGB  Red-green—blue

each pixel consists of 24 bits in the RGB color space [1].
Since each color channel is in the range of 0-255, there are

BSDS Berkeley segmentation dataset approximately 16 million possible colors. The high number
CoG  Center of gravity of histogram of colors in images can cause problems in data transfer and
FCM  Fuzzy C-means storage [2]. Color reduction is a procedure that represents

MC Median cut
PSNR Peak signal-noise ratio
SSIM  Structural Similarity Index

images with limited color and plays an important role in
many image-processing applications, such as segmentation,
compression, and image retrieval [3—5]. The main purpose
of color reduction is to eliminate a substantial number of
details from the image and create a representation close to
the original image with minimal distortion. Clearly, this
will reduce the storage requirements and transfer time of the

1 Introduction

With the development of technology in recent years, digital
images are used in many parts of our lives. Additionally,
high-quality digital images are created thanks to advanced
hardware. RGB is a typical color space in which related
images are described. The color components called red
(R), green (G), and blue (B) are 8-bit colors. Therefore,
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image. Color reduction consists of two stages: color palette
or codebook design and pixel mapping. In the first stage, the
appropriate number of colors is determined (usually 8-256
colors are used), while in the second stage, the pixels in the
original image are reassigned according to the color palette
[6,7].

There are different studies on color quantization in the
literature. Quantization approaches can generally be cat-
egorized into two groups: splitting [8—13] and clustering
[14-16]. Splitting methods are iterative approaches that
divide the color space into sub-prisms. Median Cut (MC)
[8], Center-Cut (CC) [9], Octree (OCT) [10], Variance
Cut (VC), Variance Cut with Lloyd-Max (VCL), Vari-
ance-Based (WAN) [17, 18], Popularity (POP) and Mod-
ified Popularity (MPOP) [19, 20], Greedy Orthogonal
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bi-Partitioning (WU) [12], Radius-Weighted Mean-Cut
(RWM) [21], Split and Merge (SAM) [20], Self-Organi-
zation Map (SOM) [22], and Modified Max—Min (MMM)
[23] are commonly used quantization methods. The MC
method [8] repeatedly separates the three-dimensional
color space into smaller regions. The method is based on
the distribution of colors in the image. In other words, the
boxes with the most pixels counted at each step are split
along the axis. The process is repeated until the num-
ber of different colors in the original image is reduced
to the desired number of colors. The average colors of
each separated region generate the color palette. After the
splitting process, the positions of the pixels become close
to the colors with more pixels. For this reason, the pro-
cess leads to information loss. The CC [9] algorithm is an
improved form of the MC method. In the aforementioned
method, the division process is carried out from the
center points of the prisms, and two prisms with almost
equal numbers of pixels are obtained. Another reduction
method is the OC (octal tree) [10] color quantization
algorithm based on an 8-level tree data structure. It uses
the pixels of the image to create the octal tree. Moreover,
it divides the color cube into 8 sub-cubes. Each sub-cube
is divided by 8 until the pre-defined number of colors is
formed. In the binary splitting method, the middle point
is split by considering the box with the dominant pixel
value. While the octal tree generates codebooks with the
color distribution in the image, it neglects the frequency
of the colors. Therefore, if the images consist of similar
colors and different low-frequency colors, the effect of
the octal tree will be reduced as expected. The CC, WAN,
and RWM approaches are similar to MC. Although these
methods produce fast results, color distributions affect
the effectiveness of the methods. This is because MC is
a technique that focuses on the median of pixels. Among
other approaches, POP and MPOP are uniformity-based
quantization methods. The division process continues
iteratively until the desired number of colors is obtained
with a uniform color palette. The method neglects
colors with sparse distributions in the color space. The
MMM method selects the first palette color randomly.
The colors of the palette are chosen to be the colors that
have the greatest minimum weighted Euclidean distance.
MMM [23] is iterative and has an initial value problem.
WU is also a variance-based splitting method. In this
approach, the division operation is performed at the point
that minimizes the variance between pixels. The SAM
approach consists of two stages. The first of these is the
splitting stage. At this stage, the colors are uniformly
divided into a specified number of sets. The number that
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is determined here is randomly chosen by the user. The
second stage is merging. At this stage, the pairs with the
lowest reduction errors are combined. The disadvantages
of the method are the use of a uniform structure and its
user-dependent nature. SOM [22] is a model proposed
for artificial neural networks. SOM is an effective color
reduction approach that is used in many fields. However,
it has some disadvantages. It needs sufficient data to form
meaningful clusters. Therefore, it is expected to have
poor performance in images with a low degree of color
distribution. The VC and VCL [17] methods divide the
image’s colors into subsets and determine the maximum
sum of squared error between sets. The aforementioned
techniques use a hash function while executing the opera-
tion. Some parameters in the function are user-dependent.
Additionally, the methods have an iterative perspective.

K-means is a well-known clustering method, and it
has been proposed to solve the color quantization prob-
lem [24-27]. K-means considers the initial centers for
K clusters and applies an iterative process to improve
these centroids. In other words, initial cluster centers are
created to reduce the color palette. Each iteration corre-
lates pixels with their distance from cluster centers. The
process is continued until the user-defined iteration. The
major drawback of this method is that the reduced images
are affected by the initial cluster centers. Moreover, it is
a user-dependent and iterative method. Fuzzy C-means
is another clustering method and is similar to K-means.
While K-means associates each pixel with a single clus-
ter, Fuzzy C-means determines the membership degree
of each pixel with several clusters. Researchers have
proposed various color reduction approaches based on
the approach mentioned above [28-30]. Recently, it has
been seen that the success of the quantization of vari-
ous techniques developed especially based on optimiza-
tion or K-means approaches is also relatively high. In
2021, the iterative Ant-tree color quantization technique
(ITATCQ-n) was developed using the ant-tree optimiza-
tion approach [31]. In 2022, an incremental technique
(IOKM) was also developed based on the K-means algo-
rithm [32]. Comparative results of the aforementioned
techniques are given in Chapter 4.

In this study, a novel color reduction approach is pro-
posed. First, the histogram of each color component in
the image is subjected to multi-level thresholding using
the center of gravity (CoG). In the last 10 years, the CoG
approach has been used in many studies for threshold-
ing. Contrary to variance or entropy calculations in his-
tograms, CoG can be calculated much more easily, and
it can perform thresholding quite simply. Additionally,
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it has been observed that the CoG thresholding method
achieves very successful results in many areas from
the analysis of medical images [33] and filtering [34]
to CBIR approaches [35]. Due to its low computational
complexity and easy application, the CoG technique was
used in this study for thresholding the histogram with
by multi-thresholding. Each color component of the
RGB color space is divided into sub-prisms according
to the threshold values obtained with CoG from their
histograms. After the multi-thresholding process in the
proposed model with CoG, each pixel is assigned to the
closest cluster by calculating its distance from the center
of the prism. This way, a pixel is assigned to a closer
sub-prism, even if its color value is inside another sub-
prism. Thus, it is ensured that pixels with similar color
values remain in the same sub-prism. Finally, the color
palette is created by the average of the pixels included in
the sub-prisms.

The rest of this manuscript is organized as follows:
Sect. 2 describes multi-level image thresholding, and
Sect. 3 describes the proposed color reduction algorithm.
Section 4 includes comparative experimental results.
Finally, the conclusions are presented in Sect. 5.

2 Image Thresholding by Using Center
of Gravity of Histogram (CoG)

The main purpose of image thresholding is dividing the image
into distinct regions, so that the same regions have the same
attributes, and different regions have dissimilar attributes [36].
This way, homogeneity is confirmed within the clusters. A
histogram is an important feature vector that shows the prob-
ability distribution of the colors in an image. The execution of
thresholding operations on the histogram is a frequently used
method [37-39]. The histogram is defined as follows:

p; = n;/(MxN), (1)

where n; is the number of pixels at the ith level, and MxN
is the size of the image. Demirci proposed an algorithm for
image thresholding based on image histogram [40, 41]. In
this approach, the center of gravity of the histogram is used
for the estimation of threshold values. Initially, the global
mean of the histogram, y_, is calculated according to Eq. 2.
Subsequently, the center of gravity is determined for the
ranges 0 — p, and pu, —255. At each level, the previous
threshold values are repeatedly used. Thus, the number of
threshold values increases with each step. These algorithms
based on the sum of partial probability distributions (@) and
partial means (u,,) are described as in Eq. 3
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L=255 is the maximum gray level in Eq. 2. As seen here,
each stage depends on the values obtained in the previous
stage. The estimated threshold values are shown as a repre-
sentation in Table 1. While using the general average of the
image for a single threshold, recursive means are taken into
account for more thresholds.

3 Proposed Color Quantization Method

The main purpose of the color quantization procedure is
to reconstruct the image with a limited number of colors.
The similarity of the reduced image to the original and the
preservation of important information are a substantial chal-
lenge in quantization. The problem with splitting methods is
that the splitting decision cannot be restarted at every level.
Nevertheless, clustering-based methods are often affected by
the initial cluster centroids. The developed method focuses
on solving the aforementioned problems.

In the RGB color space, each gray level is in the range of
L ={0,1,...255}. The aforementioned process reduces each
gray level to k (k<L). In the proposed strategy, the reduc-
tion operation is realized by multi-level thresholding. Each
pixel in digital images represents a point in the 3D color
space. Figure 1a, b shows randomly selected images from

Table 1 Number and values of thresholds with center of gravity of
histogram

Levels Number of thresholds Values of thresholds
Ist 4 ur

2nd Il Ho My

3rd Lty Ho M 1y

4th hihiiy Hoo Moy My M1

5th hhiht3lyls Hoo Moy Mt M1g My
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Fig. 1 a Original image. b
Color distribution of original
image
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Fig.2 Flowchart of proposed algorithm

the Berkeley Segmentation Database (BSDS) and its color
distribution, respectively.

In the developed quantization approach, as also shown
in the flowchart in Fig. 2, first, the Center of Gravity (CoG)
of the histogram and the thresholds for each color channel
are determined. Additionally, the threshold values determine
which sub-cube the image’s pixels will be assigned to, which
is also called the codebook. Table 2 represents a codebook
for a single threshold. Afterward, the RGB space is divided
into sub-regions by means of threshold values. Kilicaslan
et al. proposed an approach that reduces color images using
the CoG multi-thresholding method in a previous study of
theirs [35]. They selected the cluster centers as threshold
values. However, in this study, the color palette is created by
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Table 2 Codebook for single threshold
Class Partition rules Binary code
label (c;)
S0 ifR<=1, && G <=1, && B<=1,;) 000
51 ifR<=1, && G <=1, && B>=1,;) 00]
Sy fR<=1, && G>=1,; && B<=1,,) 010
53 fR<=1, && G>=1,, && B>=1,,) 011
Sy fR>=1, && G <=1, && B<=1,;) 100
S5 fR>=1, & G <=1, && B>=1t,;) 10]
Sg fR>=1, && G>=1t,; && B<=1,;) 110
57 ifR>=1, & G>=1,, && B>=1,;) 1]
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Table 3 Center points of color

Center points of R
components

Center points of G Center point of B

€ = 0+ (tr,l - 0)/2
Crp = tr,] + (tr,Z - tr,])/z
3= tr,2 + (L - tr,Z)/2

cg =0+ (1, —0)/2
Cg2 = tg,] + (tg,Z - tg,l)/2
Co3 =l + (L —1y5) /2

Cpy =0+ (4, —0)/2
Crp =ty 1+ (tyy — 1,1)/2
Cpz =lyp + (L —1,)/2

Table 4 Cluster centers and points corresponding to centers

Cluster index Cluster centers Points of cluster centers

Sy Ca P(Crl’cgl’cbl)
S Co P(Crl’cgl’cb2)
53 Cs P(cr15€415Ch3)
513 Cas Plegicgrty)
Si4 Coa Plegicgrtr)
515 Cas PlegiCgrra)
$25 Cos P(Cr3’cg3’cbl)
$26 Cos P (Cr3’cg3’cb2)
S27 Cor P (Cr3’cg3’cb3)

taking into account the center of the sub-cubes or regions.
Unlike previous studies, in the proposed method, it is evalu-
ated that pixels in a cluster separated by threshold values
could be close to the center of another cluster. Especially,
pixels close to threshold values can be included in another
sub-prism. With this remarkable situation, the details in the
image are preserved to a higher extent. The maximum num-
ber of clusters, s, is calculated as

s=@+ 1), “4)

where ¢ is the number of threshold values. After the sub-
cubes are created, the centers of each are determined for
each color component. Table 3 demonstrates the center
points for each of the R, G, and B components for two
threshold values.

The 1,, t,, and 7, values given in Table 3 are the threshold
values calculated for the red, green, and blue color chan-
nels. For two threshold values, three centers are defined for
each color channel. Combinations of center points produce
cluster centroids. Table 4 shows the points of the centroid
for each cluster in the color space depending on the values in
Table 3. In fact, the combination of threshold values creates
sub-regions. Thresholds are critical points for regions, but
the distance of pixels from the center increases, especially
in regions with large volumes. For this reason, calculating
the Euclidean distances of the pixels to the cluster centers
will lead to a more appropriate pixel mapping process. Pixels

250

Fig.3 Clustered RGB color space and cluster center of sub-prism

are included in the cluster where they are the closest to the
center. Then, the pixels in the cluster are assigned the aver-
age value of the pixels in the same cluster. Figure 3 repre-
sents the clustered RGB color space and the center points of
all clusters (yellow points).

Point P shown in Fig. 3 represents any pixel of the image.
Therefore, it can be expressed as P(rx,gy,bz). With multi-
level thresholding, the corresponding pixel is positioned
in the s, region, while it is closer to the center of the s,
region. Therefore, it is reassigned to the s, region. In Fig. 3,
the [, values show the Euclidean distances from the center of
C, 4> and the [, values show these distances from the center
of Cy,;. [, and [, are calculated as follows:

b= =)+ (&= 8) + (b, = b)
L=+(r,—r)+ (g —g)+ (b, —b,).

In the proposed method, the distances of each pixel in
the image from all sub-prism centers are calculated. Pixels
are assigned to the closest region. Figure 4a, b demonstrates

®)
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Fig.4 a Quantized image: r=2,
s=27, m=21.b Color distribu-
tion of a
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a quantized image and color distribution, respectively. 27
clusters are generated using two thresholds. However, pix-
els cannot be assigned to any cluster. As seen in Fig. 3, 27
clusters are created for two thresholds. On the other hand,
the pixels are positioned in only 21 clusters. In other words,
the number of colors (m) in the reduced image is 21.

4 Experimental Results and Discussion

Our experimental results are obtained using Visual Stu-
dio 2015 and MATLAB 2017 on a computer with a Core
i7-8750H 2.20 GHz CPU and 16 GB of RAM. The pro-
posed method and the compared approaches are tested on
the BSDS. To evaluate the performance of the developed
method, 20 randomly selected images from the related data-
set are quantized using different threshold numbers. Addi-
tionally, comparative results are gathered for the eight most
frequently used images in quantization studies. PSNR (Peak
Signal-Noise Ratio), MSE (Mean Squared Error), SSIM
(Structural Similarity Index), and computation time are
considered as evaluation criteria. PSNR, MSE, and SSIM
are calculated as follows:

2552
PSNR = 101 29

0gi9 <MSE> (6)

1 M-1N-1 5

MSE = > > 16y - 0.y
XN & & [1¢x.y) — O(x.y)] )

2 +c;) (20,0 +c¢C
SSIM(I, Q) = Cusg +c) @10+ c2)

’ ®)
(ﬂ,z,ué + cl><o,2 +og,+ c2)
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where [ and Q are the original and quantized images, respec-
tively. p;, ug represent the averages of I and Q, and 0'12, o-é
are the variances of / and Q. The covariances of the original
and quantized images are expressed as o; .

The proposed method automatically determines the
number of colors. For this reason, to make the experimental
comparisons compatible, the maximum iteration number of
FCM is set to 100, and the number of colors of the proposed
method is balanced. However, some approaches, such as the
Median Cut method, reduce the number of colors to powers
of two. For such techniques, the number of colors is set close
to the values estimated by the proposed method. The original
and quantized images are shown in Fig. 5. The outputs of the
proposed method are obtained by dividing the color space
into 64 sub-regions with the threshold number r=3. As seen
in Fig. 5, the developed technique estimated fewer than 64
colors (m). The fact that the number of colors is lower than
64 (m < 64) indicates that there are no pixels in some sub-
regions as a result of the quantization process performed
with the proposed method.

The numerical results of the visual outputs shown in
Fig. 5 are reported in Table 5. For each image in Fig. 5, the
PSNR/SSIM results of the FCM, MC, MLQ, and proposed
method, as well as the number of colors obtained with the
proposed method, are given in detail in Table 5. Figure 5
and Table 5 clearly prove that the proposed approach has
satisfactory quantization performance. The most important
advantage of the proposed method is that it does not require
a pre-defined number of representative colors. In other
words, it automatically determines the number of repre-
sentative colors. Additionally, it eliminates the initialization
problem. Determining the number of colors is a crucial issue
in both the FCM and Median Cut quantization techniques.
The Median Cut also represents the number of colors based
on powers of two.
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Quantized with Quantized with Quantized with
Proposed FCM MC

Image

Name Original Image

3096

12003

22090

23084

37073

41004

55067

124084

351093

Fig.5 Original test images and quantized output image with different algorithms
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p—

144067

238011

361084

169012

Fig.5 (continued)

While the results in Table 5 are calculated for three
thresholds (r=3), Table 6 includes comparisons of the
quantization results obtained with 5 thresholds (r=15). Con-
sidering the SSIM and PSNR results in Tables 5 and 6, all
methods show parallel results. For example, the proposed
technique for ‘55,067’ outperforms other methods in terms
of all performance criteria. However, FCM appears to be
more successful than others for ‘3096’ in all assessments
except for the computation period. On the other hand, MC is
still faster than FCM in terms of competition time, although
it is seen that the information loss is higher compared to
those in the PSNR and SSIM values. It is clear that the
computation time required to perform FCM is affected by
the cluster size. Therefore, increasing the number of colors
raises the computation time of FCM. The experimental
results clearly prove that FCM is slower than the other two
methods in terms of computation time. While the average
calculation time of FCM is 35.67 in Table 5, it is 66.58
in Table 6. On the other hand, the proposed method and
Median Cut are not significantly affected by the increase

in the number of colors relative to the calculation time. All
methods show that increasing the number of colors results
in higher quality outputs. In Table 5, the mean SSIM value
is approximately 0.89 for FCM, while the corresponding
value for the recommended method and Median Cut is 0.88
and 0.84, respectively. However, the relevant criterion val-
ues in Table 6 reach 0.92 for the proposed method, outper-
forming the other methods. This situation clearly shows that
the increase in the number of colors affects the technique
developed in this study more positively. Additionally, there
are reduced versions of the ten test images in different color
numbers with the proposed algorithm in the Appendix. As
seen in the figures in the Appendix, it is clearly seen that the
more thresholds are used, the higher the quality of the output
images. In general, it can be stated that the proposed method
and FCM perform similarly to each other and provide sat-
isfactory quantization results. Nevertheless, the automatic
determination of the number of colors and the provision of
a solution to the initialization problem with threshold values
are important capabilities of the proposed algorithm.

@ Springer
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Table 5 Overall performance of algorithms with various metrics for =3

Image m PSNR SSIM Computation time
CoG FCM MC MLQ CoG FCM MC MLQ CoG FCM MC MLQ CoG FCM MC MLQ

3096 19 19 16 21 29.96 33.04 3035 2990 09189 0.9545 0.9070 09099 1.81 1730 1.66 1.77
12003 40 40 32 44 2793 28.89 2691 26.81 0.8650 0.8803 0.8211 0.8675 2.17 6240 2.00 2.14
22090 23 23 16 27 28.68 24.57 27.12 28.84 0.8894 0.9081 0.8524 0.8994 1.48 20.54 1.15 145
23084 36 36 32 35 28.59 2644 2191 28.63 0.8524 0.8716 0.7724 0.8507 1.28 36.02 1.84 1.27
351093 22 22 16 23 30.09 27.69 2497 30.29 0.8687 0.9225 0.7754 0.8707 1.01 32.86 153 0.97
37073 35 35 32 34 29.85 27.40 287 2946 0.8808 0.9103 0.8857 0.8798 0.79 2346 0.82 0.75
41004 21 21 16 25 29.80 31.39 28.86 30.14 0.8485 0.8946 0.8847 0.8685 1.06 19.73 1.59 1.02
55067 13 13 8 9 30.38 28.87 30.27 29.53 0.9783 0.8046 0.9241 09283 0.95 1259 135 0.94
124084 43 43 32 45 28.34 29.64 26.87 2897 0.8188 0.8654 0.7984 0.8210 1.23 82.79 1.65 1.18
25098 42 42 32 33 30.74 26.15 23.09 26.02 0.8228 0.8440 0.7901 0.7667 1.84 78.24 1.71 1.81
22093 31 31 32 28 2998 31.66 29.06 2390 0.8669 0.8967 0.8572 0.8458 1.12 39.55 1.75 1.10
43074 22 22 16 26 3401 3580 31.61 27.82 0.9353 09317 0.8348 09588 1.32 2501 1.08 1.27
61060 29 29 16 27 3241 3334 31.79 2697 09019 09164 0.8684 0.9088 1.20 3297 1.07 1.16
65010 30 30 32 28 2943 274 2477 2344 09001 0.8829 0.8394 0.8992 1.05 2439 1.20 1.03
140055 34 34 32 42 30.16 28.74 27.65 27.19 0.8927 0.8678 0.8069 0.9250 1.66 32.56 1.78 1.65
148026 28 28 32 24 2643 2639 2593 20.15 09237 09107 0.8289 0.8239 1.15 3525 145 1.10
144067 26 26 16 26 31.88 31.32 2395 2583 0.8885 0.8830 0.8152 0.8798 1.46 6046 1.35 145
238011 19 19 16 17 39.79 3897 2990 33.37 09421 09187 0.8591 0.9327 1.65 1825 156 1.62
361084 31 31 32 29 31.06 3227 31.22 2472 0.8760 0.8815 0.8729 0.8869 135 24.66 1.60 1.31
169012 34 34 32 37 29.15 29.15 27.85 2371 09041 0.8983 0.8524 09125 1.25 3438 1.25 1.22
Mean value - - - - 3043 2996 27.64 2728 0.8887 0.8922 0.8423 0.8818 1.34 35.67 147 1.31
Table 6 Overall performance of algorithms with various metrics for =5

Image m PSNR SSIM Computation time

CoG FCM MC MLQ CoG FCM MC MLQ CoG FCM MC MLQ CoG FCM MC MLQ

3096 31 31 32 31 36.80 38.08 3242 36.74 0.9355 0.9451 09155 0.9390 192 26.88 199 1.89
12003 108 108 64 95 32.02 3374 27.61 2844 09427 009172 0.8943 0.9256 2.67 92.85 282 2.66
22090 48 48 32 45 34.07 2925 28.68 32.15 0.9291 0.9049 0.8982 0.9195 197 3647 148 194
23084 93 93 64 81 32.28 30.74 25.65 29.84 0.9218 0.9010 0.8614 0.8967 2.08 8298 1.87 2.04
351093 45 45 32 34 33.95 3323 2875 27.79 0.9441 0.9530 0.8886 0.9298 1.56 5738 1.59 1.54
37073 72 72 64 51 36.84 29.82 3327 30.61 0.9089 0.9133 0.9088 0.8691 1.36 6454 149 134
41004 45 45 32 35 3496 3597 30.65 31.15 09243 0.9207 0.8639 0.8958 1.79 4696 1.69 1.74
55067 27 27 16 27 35.54 40.04 32.70 3496 0.9405 0.9394 0.8950 09390 139 2536 148 1.35
124084 105 105 64 92 33.32 3332 3034 3263 0.8646 0.8662 0.8212 0.8236 2.36 102.01 2.02 2.35
25098 89 89 64 88 31.12 29.81 27.16 30.69 0.8991 0.8568 0.8533 0.8988 2.11  88.17 2.51 2.09
22093 77 77 64 74 3275 32,12 30.54 26.73 0.9575 0.9729 09163 09598 1.59 80.65 1.25 1.55
43074 69 69 64 52 37.39 37.60 37.12 3090 0.9376 0.9528 0.9272 0.8976 1.38 7243 147 137
61060 69 69 64 60 34.62 3448 3445 2894 0.9208 0.9515 09170 09104 148 70.69 1.59 1.46
65010 64 64 64 68 33.28 33.08 33.10 27.38 0.9115 09151 0.8887 0.8997 1.59 69.70 1.77 1.57
140055 80 80 64 72 33.25 29.06 29.52 28.09 0.9524 0.9323 0.8363 0.9457 2.18 80.66 2.10 2.16
148026 78 78 64 61 31.95 3247 3201 2545 0.9317 09221 0.8810 09124 1.69 70.56 1.72 1.66
144067 80 80 64 82 33.83 33.68 32.01 27.80 0.9169 0.9263 0.8258 0.9024 2.14 82.65 225 2.13
238011 37 37 32 25 40.68 40.73 39.50 34.50 0.9574 0.9804 0.9258 09124 1.02 21.02 1.15 0.99
361084 62 62 64 60 3348 33.80 33.70 27.66 0.8909 0.9049 0.8814 0.8988 145 7755 1.65 143
169012 88 88 64 90 3296 32.76 28.07 27.79 0.9052 0.9394 0.8547 0.9000 2.05 82.15 2.00 2.03
Mean value - - - 3425 33.69 3136 30.01 09246 0.9258 0.8827 0.9088 1.79 66.58 1.79 1.76
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Fig.6 Common color quantization test images and quantized outputs with FCM and proposed method
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Fig.6 (continued)

The results for the eight most commonly used images
in the comparisons of quantization techniques are shown
in Fig. 6. The quantized images obtained with FCM and
the proposed method are included along with each original
image. Visually, it is seen that the images obtained by both
FCM and the proposed method are very close to the original
image.

The results obtained with various techniques for eight
images in Fig. 6, which are used quite frequently in quanti-
zation studies, are given in Tables 7 and 8. According to the
PSNR and MSE results, it is seen that FCM, which is one
of the conventional methods, is quite successful when low
numbers of colors are used. However, when the number of
colors increases, the success of the proposed method also
increases significantly, and it is more successful than FCM
and other techniques in almost all images. The main reason
for the increase in the success of the proposed method is that
known techniques choose cluster center color values among

@ Springer

global values (0-255). On the other hand, the proposed
method chooses the color values between the threshold val-
ues for the cluster center. As the number of thresholds and,
accordingly, the number of colors increases, the probability
of selecting more accurate cluster centers also increases.
This is one of the important factors that increase the success
of the proposed method. It is understood from the PSNR
and MSE results that the proposed method is also highly
competitive against state-of-the-art methods. Although it is
slightly behind the IOKM or ITATCQ-n techniques for some
images, its success seems satisfactory in general. Further-
more, despite the high computational costs of IOKM and
ITATCQ-n techniques based on optimization and k-means,
the most significant advantage of the proposed method is
that it is based on a very simple calculation.

Another remarkable feature in the results is that the pro-
posed method has a higher number of colors than that in the
MLQ technique, according to the selected threshold values.
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Table 7 MSE results of quantization methods
m Baboon Fish Goldhill Lena

16 32 64 128 16 32 64 128 16 32 64 128 16 32 64 128
POP 1859.6 1679.5 849.5 330.7 33789 2827.6 482.5 1052 8742 5767 199.3 101.8 4150 3472 199.5 845
MC 1000.7 643.0 4456 3074 550.8 2823 1894 121.2 607.1 2939 188.8 132.3 3173 2140 146.1 1124
MPOP 501.7 453.1 2904 1950 295.1 1984 1455 66.2 2622 2002 140.7 66.7 2262 1945 1389 60.0
OCT 587.1 530.2 306.6 203.6 3142 2184 125.1 77.8 3135 2303 1303 79.0 217.1 186.7 110.0 66.0
WAN 717.1 5283 3857 266.0 387.5 311.6 209.0 1245 299.9 229.0 1412 945 251.8 2165 140.8 87.6
wu 6357 468.3 2883 186.5 260.8 187.6 111.6 69.0 2567 196.0 1142 714 173.7 1582 99.1 61.7
CcC 540.7 473.1 299.7 202.5 2083 189.8 127.3 823 2854 202.0 1349 879 2445 189.1 125.5 80.6
RWM 4754 459.0 301.6 188.1 2628 176.7 109.0 689 2355 179.8 1183 71.0 1927 1612 94.6 60.1
SAM 631.1 4649 2939 188.8 2759 1985 120.1 740 2348 1793 111.2 704 1837 158.0 102.0 65.0
vC 579.5 450.6 2735 179.9 2255 168.1 106.5 67.4 2199 1748 109.5 683 159.8 1456 91.7 60.7
VCL 5473 4256 264.0 173.1 252.7 1699 102.5 65.1 1868 169.3 1043 662 1558 1463 89.2 59.2
SOM 511.1 433.6 2689 1639 2068 1804 114.1 604 219.7 182.1 1042 59.5 1767 1402 874 50.5
MMM 564.7 510.0 368.4 2304 299.6 2234 1442 81.7 2647 2399 143.1 954 219.1 1833 1142 735
ITATCQ-n - 411.0 2583 1639 - 156.6 994 629 - 1499 869 547 - 136.37 78.19 49.22
IOKM - 376.2 2377 1537 - 1418 856 529 - 1435 83.6 525 - 118.0 72.1 463
m 8 22 50 116 14 31 42 121 20 41 59 93 13 24 54 -
MLQ 1886.8 343.6 2492 1089 2724 1385 116.1 503 3040 168.8 1102 76.7 1614 967 485 -
m 8 24 54 124 16 31 50 134 18 41 63 128 18 31 64 -
FCM 3969 209.5 249.6 117.7 321.8 1692 59.0 50.6 1272 90.5 973 542 1041 68.8 571 -
Prop 1885.3 342.1 1751 93.0 2773 1584 102.6 42.1 3054 1689 968 53.0 1007 659 241 -
m Motocross Parrots Peppers Pills

16 32 64 128 16 32 64 128 16 32 64 128 16 32 64 128
POP 1458.9 1288.6 4743 201.6 4929.4 4086.8 371.7 180.6 1859.6 1389.3 367.7 218.3 10969 7882 2229 124.0
MC 6535 437.6 2540 1694 6719 441.0 265.1 153.6 731.3 377.6 2389 173.8 574.0 3242 233.8 1595
MPOP 3445 2875 1779 84.1 458.1 379.8 212.1 104.7 4534 3387 2049 112.1 313.7 2775 1752 884
OCT 3204 300.5 1589 962 460.1 3424 191.2 1112 3942 3174 193.1 1139 331.0 2819 159.8 99.1
WAN 460.3 445.6 292.1 168.7 4535 3760 2334 1534 4659 348.1 2257 157.2 3334 2949 197.7 133.1
wu 277.0 268.1 1472 86.7 391.7 2992 167.3 954 359.8 2789 1655 1022 340.8 2612 150.1 89.5
cC 4347 3351 202.0 122.6 481.0 398.8 246.5 148.7 438.6 4184 256.8 160.7 373.0 2859 171.7 1119
RWM 2763 2514 150.1 83.7 3067 2965 171.0 99.8 3242 2956 1788 107.1 351.1 2604 149.7 88.8
SAM 269.6 238.1 1385 81.8 3794 2824 1575 924 3024 2757 1592 100.8 321.2 2462 141.2 85.0
vC 2783 2532 1445 79.6 380.5 290.6 1664 98.0 3233 2948 169.3 108.0 254.8 2344 146.6 90.2
VCL 2644 240.6 1315 77.1 281.8 2637 1575 96.6 2864 261.1 1603 103.8 319.8 229.8 1414 85.7
SOM 3914 301.7 1347 703 337.0 2794 1515 822 3233 2709 1605 89.9 2757 2264 137.8 724
MMM 4349 4079 2769 1382 412.6 352.1 194.8 128.7 490.1 3415 2133 1365 2882 2762 1749 1172
ITATCQ-n - 220.1 1259 699 - 266.8 1493 859 - 287.7 170.8 1029 - 221.1  121.7 68.2
IOKM - 1915 108.1 629 - 2418 127.1 734 - 2303 1340 837 - 199.1 1124 66.6
m 8 24 54 114 8 22 70 110 8 23 52 134 19 38 58 91
MLQ 7749 3257 1657 110.6 7059 2156 110.6 79.0 507.8 253.2 142.8 1042 2823 1340 1224 86.6
m 8 24 62 124 8 22 76 110 8 23 54 145 19 38 63 99
FCM 2532 185.0 161.5 150.8 530.8 3552 108.0 180.8 6445 2542 149.0 779 2487 865 1834 83.0
Prop 7742 361.8 108.6 81.1 6093 288.7 107.6 78.8 507.2 2535 1399 738 3126 1576 110.6 76.8

The m values for MLP and the proposed method are shown in bold
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Table 8 PSNR results of quantization methods
m Baboon Fish Goldhill Lena

16 32 64 128 16 32 64 128 16 32 64 128 16 32 64 128
POP 1544 1588 18.84 2294 12.84 13.62 21.30 2791 1871 2052 25.14 28.05 2195 2273 25.13 28.86
MC 18.13 20.05 21.64 2325 20.72 23.62 2536 27.30 2030 2345 2537 2692 23.12 24.83 2648 27.62
MPOP 21.13 21.57 23.50 2523 2343 25.16 2650 29.92 2394 2512 26.65 29.89 2459 2524 26.70 30.35
OCT 20.44 20.89 2327 25.04 23.16 2474 27.16 29.22 23.17 2451 2698 29.15 2476 2542 2772 29.94
WAN 19.57 2090 2227 23.88 2225 23.19 2493 27.18 2336 2453 2663 2838 24.12 2478 26.64 28.71
wu 20.10 21.43 2353 2542 2397 2540 27.65 29.74 24.04 2521 2755 29.59 2573 26.14 28.17 30.23
CcC 20.80 21.38 23.36 25.07 2494 2535 27.08 2898 2358 2508 26.83 28.69 2425 2536 27.14 29.07
RWM 2136 21.51 2334 2539 2393 25.66 27.76 29.75 2441 2558 27.40 29.62 2528 26.06 28.37 30.34
SAM 20.13 21.46 2345 2537 2372 2515 27.34 2944 2442 2560 27.67 29.66 2549 26.14 28.04 30.00
vC 20.50 21.59 2376 25.58 24.60 25.88 27.86 29.84 2471 2571 27774 29.79 26.09 26.50 28.51 30.30
VCL 20.75 21.84 2391 2575 24.10 25.83 28.02 29.99 2542 2584 2795 29.92 2620 2648 28.63 30.41
SOM 21.05 21.76 23.83 2599 2498 2557 27.56 30.32 2471 2553 2795 3039 2566 26.66 28.72 31.10
MMM 20.61 21.06 2247 2451 2336 24.64 2654 29.01 2390 2433 2657 2834 2472 2550 27.55 2947
ITATCQ-n - 21.99 24.01 2599 - 26.18 28.16 30.14 - 26.37 2874 30.75 - 26.78 29.20 31.21
IOKM - 2238 2437 2626 - 26.61 28.81 3090 - 26.56 2891 3093 - 27.41 29.55 31.47
m 8 22 50 116 14 31 42 121 20 41 59 93 13 24 54 -
MLQ 1537 2277 2416 27776 2378 26.72 2748 31.11 2330 2586 27.71 2929 26.05 2828 3127 -
m 8 24 54 124 16 31 50 134 18 41 63 128 18 31 64 -
FCM 22.14 2492 24.16 2742 23.06 25.85 3042 31.09 27.09 2856 2825 30.79 2796 29.76 30.57 -
Prop 1538 22.79 2570 2845 23.70 26.13 28.02 31.89 2328 2586 2827 30.89 28.10 29.94 3431 -
m Motocross Parrots Peppers Pills

16 32 64 128 16 32 64 128 16 32 64 128 16 32 64 128
POP 1649 17.03 2137 25.09 11.20 12.02 2243 2556 1544 1670 2248 2474 17.73 19.16 24.65 27.20
MC 1998 21.72 24.08 2584 19.86 21.69 2390 2627 1949 2236 2435 2573 2054 23.02 2444 26.10
MPOP 2276 2354 2563 28.88 21.52 2234 2487 2793 2157 2283 2502 27.63 23.17 23.70 25.70 28.67
OCT 23.07 2335 26.12 2830 21.50 22.79 2532 27.67 22.17 23.11 2527 2757 2293 23.63 26.10 28.17
WAN 21.50 21.64 2348 2586 21.56 2238 2445 2627 2145 2271 2460 2617 2290 2343 25.17 26.89
wu 2371 2385 2645 2875 2220 2337 2590 2834 2257 2368 2594 28.04 2281 2396 2637 28.61
CcC 21.75 2288 25.08 27.25 2131 22,12 2421 2641 21.71 2191 24.03 26.07 2241 2357 2578 27.64
RWM 2372 2413 2637 2890 2326 2341 2580 28.14 23.02 2342 2561 27.83 22.68 2397 2638 28.65
SAM 2382 2436 2672 29.00 2234 23.62 26.16 2847 2333 2373 2611 28.10 23.06 2422 26.63 28.84
vC 23.69 24.10 2653 29.12 2233 2350 2592 2822 23.03 2344 2584 2780 24.07 2443 2647 28.58
VCL 2391 2432 2694 2926 23.63 2392 26.16 2828 2356 2396 26.08 2797 23.08 24.52 26.63 28.80
SOM 2220 2334 26.84 29.66 22.85 23.67 2633 2898 23.03 2380 26.08 2859 2373 24.58 26.74 29.53
MMM 21.75 22.03 2371 26.73 2198 22.66 2523 27.04 2123 2280 24.84 2678 23.53 2372 2570 27.44
ITATCQ-n - 2470 27.13 29.69 - 2387 2639 2879 - 2354 2581 28.01 - 24.68 2728 29.79
IOKM - 2531 2779 30.14 - 2430 27.09 2947 - 2451 2686 2890 - 25.14 27.62 29.90
m 8 24 54 114 8 22 70 110 8 23 52 134 19 38 58 91
MLQ 19.24 23.00 2594 27.69 19.64 2479 27.69 29.15 21.07 2410 2658 2795 23.62 26.86 27.25 28.75
m 8 24 62 124 8 22 76 110 8 23 54 145 19 38 63 99
FCM 24.10 2546 26.05 2635 20.88 22.63 27.80 25.56 20.04 2408 2640 29.22 24.17 2876 2550 28.94
Prop 19.24 2255 27.77 29.04 20.28 23.53 27.81 29.16 21.08 24.09 26.67 29.45 23.18 26.15 27.69 29.28

The m values for MLP and the proposed method are shown in bold
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Fig.7 Average performance

of algorithms with different 34
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The most important difference from the MLQ technique,
which is subjected to thresholding with the help of CoG
with a similar approach, is that the proposed method assigns
the pixels to the clusters closest to their centers, instead of
assigning them directly to the remaining clusters between the
thresholds. Thus, the number of empty clusters decreases,
and the number of colors that are determined increases.
Therefore, the quantization success of the proposed method
also increases.

In general, the highest results are obtained by the FCM
and the proposed method. In Table 5 where five thresholds
are used, and the number of colors is higher, it is seen that
the success of the proposed method increased. Another
important advantage of the proposed method, which
achieves very competitive results against FCM, is its com-
putation time. The proposed method is about 37 times faster
than FCM on average. The fact that the proposed method
is so fast is based on the fact that the threshold values can
be calculated very simply with CoG. Although the MLQ
technique based on a similar calculation is slightly faster,
the quantization success of the proposed method is higher.

As in the Lena image, although the number of thresh-
olds increases due to the quantization process performed
with the proposed method, there is either no change in the
number of colors or the number of colors increases slightly.
Though it is an advantage that the number of colors does not
increase by a large amount, it still turns into a disadvantage
in cases where the image quality needs to be improved by
increasing the number of colors. Therefore, for the future, a
new quantization study in which the minimum color value
parameter is used as well as the threshold number in the
selection of cluster centers is planned. Additionally, research
will be performed to investigate the effects of the success of
the proposed method, especially on the success of CBIR and
segmentation techniques.

Figure 7 visualizes the performance of the algorithms
on various color numbers. The x-axes of the plots are the
threshold numbers in the proposed method. Since there are
no threshold values for the FCM and MC approaches, the
results are obtained with the threshold numbers of the devel-
oped technique and the color numbers that are obtained.
Thus, it is ensured that the comparisons are appropriate.
The average PSNR, SSIM, and computational costs of the
color numbers corresponding to the threshold numbers are

@ Springer

highlighted. Figure 7a, b clearly shows that the algorithms
produce superior results as the number of colors increases.
However, the success of the proposed method becomes more
evident when the number of colors increases. While the pro-
posed method is insufficient for a single threshold number,
it outperforms FCM in the PSNR results when the thresh-
old number increases. When three or more thresholds are
used (> 2), the SSIM results of the FCM and the proposed
method are quite similar. The computation times in Fig. 7¢
also prove that the proposed method is quite fast. Especially
with the increase in the number of colors, the computational
cost of FCM increases tremendously compared to the com-
putational costs of MC, MLQ, and the proposed method.

5 Conclusion

In this paper, a novel color quantization algorithm is pro-
posed. The proposed color reduction technique is based on
multi-level thresholding on the histogram. The color space
is clustered by thresholding each color component in the
RGB color space. A unique color palette is generated for
each image by detecting cluster centers based on threshold
values. Color quantization is achieved based on the distances
of the pixels from the cluster centers. The pixels assigned
to the clusters and the number of colors are determined
automatically. In many methods, the number of colors to
be reduced is a parameter that must be determined by the
user. Determining the initial values is a significant problem.
The proposed method automatically estimates the number
of colors. Moreover, unlike traditional methods, it offers a
solution to the initial value problem with threshold values.
To evaluate the performance of the method, images are ran-
domly selected from BSDS and tested based on different
evaluation criteria. The visual and numerical results show
that the proposed method yields satisfactory color quantiza-
tion outputs.

Appendix

See Figs. 8,9, 10, 11, 12, 13, 14, 15, 16 and 17.
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t=1, m=7 t=2,m=14

t=3, m=19 t=4, m=27 =5, m=31

Fig. 8 Quantized 3096 image using CoG

Fig. 9 Quantized 12003 image using CoG
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=3, m=23 =4, m=32

Fig. 10 Quantized 22090 image using CoG

t=3, m=36 t=4, m=59 t=5 m=93

Fig. 11 Quantized 23084 image using CoG
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=4, m=35

Fig. 12 Quantized 351093 image using CoG

=3, m=35 t=4, m=49 t=5, m=72

Fig. 13 Quantized 37073 image using CoG
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Fig. 14 Quantized 41004 image using CoG

t=1, m=5 =2, m=10

t=3, m=13 t=4, m=17 =5, m=27

Fig. 15 Quantized 55067 image using CoG
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=3, m=43 =4, m=64 t=5, m=105

Fig. 16 Quantized 124084 image using CoG

=3, m=42

Fig. 17 Quantized 12003 image using CoG
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