
Journal of Computational Mathematics and Data Science 13 (2024) 100104

h
c

u

(

Contents lists available at ScienceDirect

Journal of Computational Mathematics and Data
Science

journal homepage: www.elsevier.com/locate/jcmds

Novel color space representation extracted by NMF to segment a
color image
Ciro Castiello a, Nicoletta Del Buono b,∗, Flavia Esposito b

a Department of Computer Science, University of Bari Aldo Moro, Bari, Italy
b Department of Mathematics, University of Bari Aldo Moro, Bari, Italy

A R T I C L E I N F O

Keywords:
Color spaces
Low rank data representation
Feature extraction
Machine learning algorithm
Nonnegative matrix factorization
Image segmentation

A B S T R A C T

This paper considers the task of separating pixels in color image into background and foreground
classes. Using the machine learning technique known as Nonnegative Matrix Factorization, data
pertaining to different color channels – selected by color spaces – are combined, and a novel
space representation is extracted.

The novel representation of the image includes additional information, namely ‘‘metacolor’’,
which could be related to foreground and background and adopted to improve binary seg-
mentation of the investigated image. In both qualitative and quantitative experiments, the use
of novel color space representation produces some improvements in the binary segmentation
results when it compared to those obtained applying common simpler thresholding algorithms
directly to the original image.

1. Introduction

Several techniques have been developed in literature to individuate image distinct areas or objects according to some image
characteristics (as pixel intensity values). Image thresholding is the most basic technique for segmenting images: a binary
segmentation can be obtained by simply assigning each pixel to a class by comparing its color intensity with a threshold value [1].
The basic idea in thresholding is that homogeneous areas inside an image correspond to a class of pixels possessing comparable
color characteristics. Image thresholding techniques are based on the construction of histograms illustrating the distribution of
colors in an image and the detecting a threshold used to segment the given image. Gray-level image segmentation is often used
after reducing the color image to a single gray channel. This facilitates the segmentation process assigning all pixels having grey
levels lower than the threshold to one set or class and pixels having gray levels higher than the threshold to another set or class. Color
images can benefit from techniques developed for grayscale image representation: a histogram is used to segment each component
of the color space, and the results are merged to create a final segmentation. [2–4]. However, selecting a threshold within these
istograms is challenging [5], and such techniques cannot be always successfully applied, because designed to process only specific
olor properties [6]. Segmentation results are determined by the three-dimensional nature of the color information used to describe

the image. Different color spaces (of which RGB is arguably the most common) can be used in this context to create different nuances
of image representations. But referring to a particular color space that can be applied to each segmentation task is not practicable.

In this paper, we propose to use a machine learning technique, i.e. an unsupervised learning method known as Nonnegative
Matrix Factorization (NMF), to extract new features from different color image representations to provide a new color space. These
new features, called ‘‘metacolors’’, are automatically extracted from a selection of color models of the given image and are then
sed to perform a binary segmentation of the image.
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In general, NMF provides a low-rank approximation of a given nonnegative data matrix 𝐴 ∈ R𝑚×𝑛
+ , by extracting the columns of

he factor 𝑊 ∈ R𝑚×𝑟
+ , and the encoding coefficients, that are rows of the factor 𝐸 ∈ R𝑟×𝑛

+ (with 𝑟 ≤ 𝑚𝑛∕(𝑚 + 𝑛), where 𝑟 is generally
ser-defined), in such a way that 𝐴 ≈ 𝑊 𝐸. One key feature of NMF is its ability to automatically extract parts with some level of
parsity and easy interpretable meaning. Since early works [7,8], where several images representing human faces were decomposed

into parts-based representations roughly corresponding to items intelligible by human intuition (noses, mouths, eyes, etc.), NMF
has been broadly used in many successful applications, including blind source separation, document clustering, object recognition,
hyperspectral image analysis [9,10]. In the context of image processing, NMF demonstrated its usefulness in several tasks: identifying
regions or objects into images [11]; improving the representation of positive local data (such as color histograms) [12]; encoding
color channels for face recognition task [13]; processing three color channels simultaneously for generating new basis of images [14].
In the work [15], a numerical method based on NMF was already proposed to integrate histograms of different color spaces
haracterizing a given image; the additional knowledge represented by the so called metahistograms was used as input of the Otsu’s
hresholding methods demonstrating some improvement in the final segmentation results. Moving from this idea [15], the aim of this

paper is illustrating a novel framework which starts from the integration of different color channels into a structured representation,
and then extract a new color space representation of the investigated image by means of NMF. This new representation encodes
image properties, namely metacolors, which aggregate the expression of multiple color characteristics of an image into a more
ompact form while allowing an interpretation in terms of basis vectors for the latent color space representation of the image. In

the proposed framework the novel space representation in then used to feed a thresholding segmentation algorithm to obtain a
segmented image into its background and foreground pixels.

2. Adopted color spaces and thresholding algorithms

In the following sections, we briefly review some color spaces commonly used to parameterize a color image 𝐼 , as well as the
some common thresholding segmentation algorithms. Next, NMF is shown as a method for integrating different representations of
the image and for extracting a novel color space that can be utilized for segmenting 𝐼 .

When color information needs to be formalized, a common practice is to define a color space, i.e., a representation based on a
hree-dimensional numerical vector where each value designates the amount of the specific attribute of color pixels in 𝐼 [16].

The RGB space is based on the trichromatic theory [17] that relies on the idea that all colors can be represented using different
shades of the three color channels 𝑅 (red), 𝐺 (green), and 𝐵 (blue). It commonly represents a color image 𝐼 , and from some linearly
or nonlinearly transformations it generates other color spaces. In this work, together with the RGB color space, we also considered
CIE XYZ, 𝐘𝐂𝐛𝐂𝐫 and HSV color spaces to represent an image 𝐼 .

Note that any color space can be (variously) reduced to a one-dimensional gray-scale representation, namely a vector 𝐺 𝑟𝑎𝑦 of
ray intensity values. Naturally, such a reduction also generates a loss in the quantity of information included in the original color
mage, even though it simplifies the image processing overall.

Binary thresholding techniques set a single threshold to separate foreground from background pixels according to how closely
hey relate to the threshold value. In the following, we overview some non-parametric histogram-based global binary thresholding

algorithms which will be used in the numerical experiments.
To provide a formal illustration of the thresholding methods, a suitable scenario is formalized as follows.
Let us consider an image composed by 𝑁 = 𝑝𝑞 pixels. Let ℎ be the 𝐵-bin histogram providing the pixel intensity distribution in

a considered channel, that is
ℎ(𝐼) = [𝑛1, 𝑛2,… , 𝑛𝑖,… , 𝑛𝐵],

where 𝑛𝑖 is the number of the image pixels at color level 𝑖, and 𝐵 is the number of distinct levels (e.g., if 8-bit gray-scale image
representation is considered, then 𝐵 = 256). A histogram threshold 𝑘 should be set to define two classes 0 and 1 including the
pixels whose intensity is less than 𝑘 and those whose intensity ranges in [𝑘 + 1, 𝐵], respectively (i.e., background and foreground
regions). By adopting some simplifying assumptions [18], the histograms can be normalized and regarded as probability distribution,
so that 𝑃𝑖 =

𝑛𝑖
𝑁 is the probability of occurrence of the color intensity level 𝑖 (observe that 𝑁 =

∑𝐵
𝑖=1 𝑛𝑖 is the total number of pixel

of the image 𝐼). In this way, the probability distributions for 0 and 1 are defined as 𝑤0 =
∑𝑘

𝑖=1 𝑃𝑖 and 𝑤1 =
∑𝐵

𝑖=𝑘+1 𝑃𝑖
Well-known binary segmentation algorithms are Otsu, Kapur, Tsai and Ridler methods. Otsu algorithm implements a nonpara-

metric and unsupervised method to automatically derive the optimal thresholding from a gray level histogram, based on discriminant
analysis [18]. Kapur thresholding algorithm finds the optimal threshold 𝑘 that maximizes the sum of the entropy of the two classes 0
and 1 while computing the probability distribution of the pixel intensities. The method considers the foreground and background of
an image as two different signal sources and computes an optimal threshold maximizing the sum of the two class entropy [19]. Tsai

ethod selects the best threshold is selected in such a way that the first three moments of the image (𝑚𝑘 = 1
𝑁

∑𝐵
𝑖=1 𝑖

𝑘𝑛𝑖, 𝑘 = 1, 2, 3)
are preserved in the resultant binary image [20]. Ridler method starts with an initial guess threshold value 𝑘0 to split the image
histogram into two portions, and then iterative updates the threshold as 𝑘𝑖 =

𝜇𝐴+𝜇𝐵
2 , being 𝜇𝐴 and 𝜇𝐵 are, respectively, the mean

intensity value of the pixels below and above the current threshold [21,22]. For a more detailed description of the steps the
considered algorithms perform, we refer the reader to the Appendix section.
2
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Fig. 1. Bird example image represented in the selected color spaces (from dataset PASCAL VOC2012 ID-image 2008_000123) (a–d) RBG image and the
orresponding color channels R, G, and B; (e–h) CIExyz image and the corresponding color channels x, y, and z; (i–l) YCbCr image and the corresponding
olor channels Y, Cb, and Cr; (m–p) HVS image and the corresponding color channels H, V, and S.

3. Low-rank factorization and color channel integration

An image can be regarded as a matrix of pixels. The rows and the columns of the matrix indicate the position of each pixel
n the image. The values of the pixels indicate the pixel intensity with respect to some specific color space. More precisely, each
ixel incorporates three distinct values related to the channels of the color space: the single pixel intensity is a combination of the

intensities in three channels.
The adopted color-space representation of an image can influence the result of image segmentation; appropriate color spaces

or representing 𝐼 are usually selected by testing them one by one to determine which is the most convenient for the specific task.
However, no color space has proven to be more effective than the others. Thus, selecting the appropriate color space remains a
challenge in color image segmentation processes. Rather than looking for the best representation of 𝐼 , in this work, we propose to
derive a new global representation of 𝐼 by integrating different color image properties. Particularly, we integrate color channels
representing 𝐼 using the NMF method to extract latent features from different color space representations.

Starting with a color image 𝐼 ∈ R𝑝×𝑞 composed by 𝑁 = 𝑝𝑞 pixels, we can build a derived matrix 𝐴𝐼 including the vectorization
f the color intensity values of each pixel evaluated along the different color channels involved in the color spaces representation

previously reviewed. In this way, we can write

𝐴𝐼 = [𝑅, 𝐺 , 𝐵 , 𝑋𝐶 𝐼 𝐸 , 𝑌𝐶 𝐼 𝐸 , 𝑍𝐶 𝐼 𝐸 , 𝑌 , 𝐶𝑏, 𝐶𝑟, 𝐻 , 𝑆 , 𝑉 , 𝐺 𝑟𝑎𝑦] ∈ R𝑁×13
+ . (1)

In other words, 𝐴𝐼 constitutes an enlarged representation of 𝐼 , including the basic RGB color information, together with the
device-independent imaginary primaries components (deriving from the CIE XYZ color space), the luminance and the blue and
red chromaticity components (deriving from the YCbCr color space), the intensity, hue, and luminosity information (deriving from
the HSV color space), and the gray-scale channel component. Fig. 1 illustrates an example image in its different color space
representations, while Figs. 2 and 3 provides the histograms of pixel distributions for different color channels included in the
xtended image representation.
3
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Fig. 2. Histograms of the channels representing the Bird example image: (a–c) the color channels R, G; (d–f) color channels x, y, and z in CIExyz.

Due to the nonnegative property of elements in 𝐴𝐼 , we can use the NMF algorithm [8,9] to extract new meta-features hidden
nto this enlarged representation of 𝐼 . We indicate these meta-features as ‘‘metacolors’’.

3.1. Novel color space extraction from 𝐴𝐼

NMF is able to decompose 𝐴𝐼 ∈ R𝑁×13
+ into an additive combination of 𝑊 ∈ R𝑁×𝑟

+ (the basis matrix) and 𝐸 ∈ R𝑟×13
+ (the

encoding factor), both with nonnegative elements, and such that 𝐴𝐼 ≈ 𝑊 𝐸. The rank 𝑟 is the tuning parameter in NMF and its
proper definition is one of the primary problems in NMF. This value is typically unknown beforehand, although it can be imposed
a priori in order to move forward with the factorization process provided certain domain information is available. In this work, the
rank value has been set to 𝑟 = 3. This choice is motivated by the fact that it represents the usual dimension of the color spaces
4
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Fig. 3. Histograms of the channels representing the Bird example image: (a–c) channels Y, Cb, and Cr; (d–f) color channels H, V, and S.

describing a color image 𝐼 , so that the extracted metacolors can be regarded as the three channels of a new color space offering an
lternative representation of the image 𝐼 .

The three columns in 𝑊 are an additive combination of color channels describing 𝐼 so that they contain some key latent pixel
features and can be considered as a novel color representation of the image. These three columns, briefly named metacolors, store
ll the information about the pixels of the image in a compact form with respect to the all selected original color channels.

As concerning the computation of 𝑊 and 𝐸 from 𝐴𝐼 , the ANLS algorithm is used [9]. Starting from random nonnegative factors
0 [23], ANLS approximates the solution of two convex sub-problems related to the NMF factorization of 𝐴𝐼 solving:

min
𝐸≥0

‖𝐴𝐼 −𝑊 𝐸‖

2
𝐹 , being 𝑊 fixed

and
⊤ ⊤ ⊤ 2
min

𝑊 ≥0
‖𝐴𝐼 − 𝐸 𝑊 ‖𝐹 , with 𝐸 fixed.

5
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Fig. 4. Novel color space representation obtained factorizing the enlarged representation of the bird example image (rank value 𝑟 = 3) (a-c) and the corresponding
istribution histograms.

The algorithm used the following update rules [24]:

𝑊 𝑖𝑡+1
𝑖𝑎 = 𝑊 𝑖𝑡

𝑖𝑎
(𝐴𝐼 (𝐸𝑖𝑡)⊤)𝑖𝑎

(𝑊 𝑖𝑡𝐸𝑖𝑡(𝐸𝑖𝑡)⊤)𝑖𝑎
, ∀𝑖, 𝑎 (2)

𝐸𝑖𝑡+1
𝑏𝑗 = 𝐸𝑖𝑡

𝑏𝑗

((𝑊 𝑖𝑡+1)⊤𝐴𝐼 )𝑏𝑗
((𝑊 𝑖𝑡+1)⊤𝑊 𝑖𝑡+1𝐸𝑖𝑡)𝑏𝑗

, ∀𝑏, 𝑗 (3)

where 𝑖𝑡 denotes the iteration step. Updates are performed until a stopping criterion is satisfied to guarantee the final solutions
are stationary points. Theoretical convergence properties of the ANLS under certain assumptions is stated in [25], while detailed
description of the stopping condition is reported in [9,26].

Fig. 4 (a–c) illustrates the novel channels in the color space extracted after the factorization process and their properties (panels
(d–f) depicts the distributions and ranges of the metacolors). The image example is related to the Bird image. Metacolors 2 and
3 appear quite similar, but it can be noted that they are quite different in term of value scales (panels (e–f). These differences
help to better select the appropriate threshold distinguishing background from foreground pixels when thresholding segmentation
is adopted.

Fig. 5 (a-c) illustrates the three novel color channels, their distributions and ranges (panels (e-f), for a more complex image
example (the Baby image). In this case all the three Metacolors seem to represent different image pixel property.

𝑊 represent the basis of latent information embedded in different color representations of 𝐼 . This novel knowledge can be used
either to reconstruct 𝐼 or, as we propose in this work, to undergo a binary segmentation step (thresholding segmentation can be
obtained using one of the previously cited algorithms). In particular, we used the three channels coded extracted by NMF as a set
of more informative features able to improve the performance of simple thresholding segmentation techniques.

Fig. 6 sketches the phased of the NMF-based segmentation approach from the construction of the enlarged representation of an
mage 𝐼 to the extraction of novel color space representation codified into the so called metacolors, and their adoption into a binary

segmentation scheme.

4. Numerical results and discussions

The proposed NMF-based method for thresholding segmentation has been evaluated both qualitatively and quantitatively. The
ualitative evaluation was conducted on four benchmark color images (represented in Fig. 7 by referring to an empirical goodness
nspection simply based on human intuition [27]. The quantitative evaluation was conducted on a subset of 125 images randomly

chosen from the PASCAL VOC2012 dataset (http://host.robots.ox.ac.uk/pascal/VOC/voc2012/index.html). This dataset includes
color images of objects (airplanes, birds, cars, etc.) depicted into realistic scenarios (Fig. 8 reports two images of this dataset with
their corresponding ground truth binary segmentation).

The dataset includes for many images the corresponding ground truth (GT) binary segmentation, therefore a numerical evaluation
as been performed using the quantitative metrics reported in Table 1. All the numerical experiments are conducted on a PC with
6
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Fig. 5. Novel color space representation obtained factorizing the enlarged representation of the bird example image (rank value 𝑟 = 3) (a-c) and the corresponding
istribution histograms.

Fig. 6. The NMF-based segmentation algorithm flowchart. The first step builds an enlarged representation 𝐴𝐼 of the image 𝐼 given as input; then NMF performs the
feature integration process on 𝐴𝐼 extracting the meta-colors. The final step applies the binary threshold segmentation algorithm to the new image representation.

1.6 GHz Intel Core i5 dual-core, 16-GB memory, without external GPU; the segmentation algorithms and the NMF-based approach
were run in MATLAB R2023b.

For the sake of comparison, in Fig. 9(b)-Fig. 12(a), we report the results of the segmentation obtained by applying the
thresholding algorithms used as reference methods (i.e., Otsu, Kapur, Tsai, Ridler) to the benchmark images involved in the
qualitative evaluation. The illustrated results relate to the segmentation obtained by referring to the gray-scale image representation.
7
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Fig. 7. Images used for the qualitative evaluation of the segmentation results obtained.

Fig. 8. Two example images included in the dataset used for the quantitative evaluation.

Table 1
List of the quantitative metrics used to compare segmented image with its ground truth (GT). As usual, the
number of foreground pixels correctly classified as foreground are denoted by 𝑇 𝑃 , while 𝐹 𝑃 denotes the
number of background pixels incorrectly classified as foreground. Analogously, the number of background
pixels correctly classified as background are denoted by 𝑇 𝑁 , while 𝐹 𝑁 denotes the number of foreground
pixels incorrectly classified as background.
Metric Equation Meaning

𝐴𝐶 𝐶 𝑇 𝑃+𝑇 𝑁
𝑇 𝑃+𝑇 𝑁+𝐹 𝑃+𝐹 𝑁 % pixels correctly

classified in class 𝑐
𝑆 𝑒𝑛𝑠 𝑇 𝑃

𝑇 𝑃+𝐹 𝑃 % pixels corresponding to
boundary in GT

𝐹 2𝑇 𝑃
2𝑇 𝑃+𝐹 𝑃+𝐹 𝑁 predictive performance

𝑃 𝑟𝑒𝑐 𝑇 𝑃
𝑇 𝑃+𝐹 𝑃 segment performance

𝑀 𝐶 𝐶 𝑇 𝑃 ⋅𝑇 𝑁−𝐹 𝑃 ⋅𝐹 𝑁
√

(𝑇 𝑃+𝐹 𝑃 )(𝑇 𝑃+𝐹 𝑁)(𝑇 𝑁+𝐹 𝑃 )(𝑇 𝑁+𝐹 𝑁)
ineffectiveness in
classifying 𝐹 𝑃

𝐷 𝑖𝑐 𝑒 2𝑇 𝑃
2𝑇 𝑃+𝐹 𝑃+𝐹 𝑁 overlapping of predicted

segmentation and GT
𝐽 𝑎𝑐 𝐷 𝑖𝑐 𝑒

2−𝐷 𝑖𝑐 𝑒 similarity of predicted
segmentation and GT

𝑆 𝑝𝑒𝑐 𝑇 𝑁
𝑇 𝑁+𝐹 𝑃 % pixels correctly

identified in background

Analogously, in Fig. 9(b)-Fig. 12 (b), we report the segmentation results obtained by applying the same thresholding algorithms to the
benchmark images represented in terms of the novel metacolor space defined through the proposed NMF-based method (as described
n 6). As can be observed, the reference thresholding algorithms prove to be effective (producing just a few errors) in identifying

the main objects which constitute the foreground of the images. Such inaccuracies are somewhat corrected by the application of the
NMF-based segmentation. In fact, a better distinction between glasses and shadows can be observed for the Martini glasses image
(Fig. 9(b)), and the foreground objects appear to be well-separated from the background. When we turn to consider the starfish image
(Fig. 10) the improvement of the results is more appreciable in a better background identification. The Airplane object (Fig. 11) is
better identified, providing a more clear appearance of the silhouette of the object in flight. In the table image (Fig. 12) the proposed
method allows a better identification of the actual form of the object (especially when Otsu and Ridler algorithms are considered).

Concerning the quantitative analysis, Tables 2 and 3 report the average values of the previously introduced metrics resulting from
the segmentation processes performed over the 125 images collected from the PASCAL VOC12 dataset. The metacolors extracted
from the expanded representation of each color image are used as the basis vectors for representing the gray channel used as input
to the considered thresholding algorithms. The quantitative results of the classical thresholding algorithms when the novel space
representation is used, are generally improved with respect to the performance the same algorithms exhibited on a gray-scale image
representation. This is specially true when Otsu and Ridler algorithms are considered: in this case all the metrics are improved
when metacolors are used thus confirming an enhanced discriminating ability of the novel color representation extracted by NMF.
However, the Kapur method does not receive any improvement in the segmentation quality deriving from the extraction and use
8
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Fig. 9. Binary segmentation obtained using: (a) the threshold algorithms on the original image and (b) the NMF-based segmentation approach on the Martini
Glasses image.

Fig. 10. Binary segmentation obtained using: (a) the threshold algorithms on the original image and (b) the NMF-based segmentation approach on the Starfish
image.

of metacolors. Fig. 13 reports the binary segmentation results for an example image with ground truth. The segmentation obtained
using the metacolors extracted by NMF helps to identify more pixels of the stone with the bird is backed as background pixels.

owever, the entropy-based thresholding algorithm produces poor binary segmentation results. A possible explanation could be
ased on the fact that the original color channels are not able to encode the information useful for discriminating pixels by a
ethod based on entropy.

5. Conclusion

In this paper, information related to chosen color channels are integrated using an NMF algorithm, and a novel space
epresentation is extracted some hidden knowledge of a color image. The extracted novel color representation can be been used

for binary segmentation. The first step involves representing a color image 𝐼 to be segmented using several color channels (four
color spaces are employed, each with three color characteristics). Subsequently, each original color feature is retrieved and merged
9
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Fig. 11. Binary segmentation obtained using: (a) the thresholding algorithms on the original image and (b) the proposed NMF-based approach on the image of
the aircraft.

Fig. 12. Binary segmentation obtained using: (a) the threshold algorithms on the original image and (b) the NMF-based segmentation approach on the table
image.

Table 2
Mean and standard deviation of the quantitative measures used to evaluate segmentation results with respect to
the known ground-truth on 125 images for Otsu and Kapur thresholding algorithms (without and with the use
of metacolors).

Otsu Metac+Otsu Kapur Metac+Kapur

𝐴𝐶 𝐶 0.76 ± 0.32 0.77 ± 0.15 0.68 ± 0.28 0.63 ± 0.3
𝑆 𝑒𝑛𝑠 0.75 ± 0.28 0.79 ± 0.26 0.73 ± 0.29 0.70 ± 0.31
𝐹 0.69 ± 0.24 0.71 ± 0.24 0.62 ± 0.32 0.50 ± 0.36
𝑃 𝑟𝑒𝑐 0.70 ± 0.22 0.71 ± 0.24 0.65 ± 0.33 0.49 ± 0.38
𝑀 𝐶 𝐶 0.38 ± 0.32 0.42 ± 0.27 0.32 ± 0.36 0.24 ± 0.35
𝐷 𝑖𝑐 𝑒 0.69 ± 0.24 0.71 ± 0.24 0.62 ± 0.32 0.50 ± 0.36
𝐽 𝑎𝑐 0.58 ± 0.26 0.60 ± 0.26 0.52 ± 0.32 0.42 ± 0.34
𝑆 𝑝𝑒𝑐 0.61 ± 0.34 0.65 ± 0.33 0.61 ± 0.33 0.55 ± 0.33

into a new data matrix 𝐴𝐼 encapsulating features so to incorporate several features of a color image in addition to the perceptual
characteristics of RGB space. This expanded matrix representation of the image is mined using the Nonnegative Matrix Factorization
algorithm to automatically extract metacolors, that constitute the basis vectors of a novel ‘‘color space’’ to be used for image analysis.
These metacolors are used to divide the original image into binary segments by applying a thresholding technique.
10
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Table 3
Mean and standard deviation of the quantitative measures used to evaluate segmentation results with respect
to the known ground-truth on 125 images for considered Tsai and Ridler thresholding algorithms (without and
with the use of metacolors).

Tsai Metac+Tsai Ridler Metac+Ridler

𝐴𝐶 𝐶 0.73 ± 0.17 0.73 ± 0.17 0.71 ± 0.19 0.75 ± 0.17
𝑆 𝑒𝑛𝑠 0.74 ± 0.29 0.77 ± 0.26 0.75 ± 0.29 0.76 ± 0.28
𝐹 0.69 ± 0.24 0.69 ± 0.24 0.69 ± 0.24 0.71 ± 0.24
𝑃 𝑟𝑒𝑐 0.70 ± 0.20 0.74 ± 0.22 0.70 ± 0.20 0.75 ± 0.21
𝑀 𝐶 𝐶 0.36 ± 0.29 0.36 ± 0.26 0.36 ± 0.33 0.41 ± 0.28
𝐷 𝑖𝑐 𝑒 0.69 ± 0.24 0.69 ± 0.23 0.69 ± 0.24 0.72 ± 0.25
𝐽 𝑎𝑐 0.58 ± 0.26 0.59 ± 0.24 0.57 ± 0.26 0.61 ± 0.26
𝑆 𝑝𝑒𝑐 0.59 ± 0.32 0.59 ± 0.32 0.58 ± 0.34 0.65 ± 0.31

Fig. 13. (a) Example of an image with (b) its ground truth. (c) Binary segmentation obtained using the threshold algorithms on the original image. (d) Binary
egmentation obtained the NMF-based segmentation approach.

When compared with some standard thresholding algorithms that act directly on the gray-scale image representation derived
from the RGB channels, the proposed NMF-based approach provides improved binary segmentation results.

As a plan for future work, we are going to consider the object identification inside an image, the interpretation of metacolors
with reference to image attributes and the use of some more specific NMF algorithms.
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Appendix

Otsu. This method aims at deriving an optimal threshold value that maximizes the separation between the two classes 0, 1. The
basic idea is to minimize the intra-class variance defined as the weighted sum of the variances of the foreground and background
regions. It is computed as
11
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𝑤0𝜎
2
0 +𝑤1𝜎

2
1
(𝑚𝐺𝑃1 − 𝑚(𝑘))2

𝑃1(1 − 𝑃1)
,

where 𝜎0 and 𝜎1 are variances of the two classes and the sum is weighted by the previously defined class probability distributions
𝑤0 and 𝑤1. 𝑚𝐺 is the mean of the image intensity, 𝑚(𝑘) is the cumulative mean at a level 𝑘, and 𝑃1 is the probability that a pixel
s assigned to one class. The optimal threshold value is the one minimizing this intra-class variance. When 2 classes are involved
inimizing the intra-class variance is equivalent to maximizing inter-class variance defined as

𝜎(𝑘) = 𝑤0(𝜇0 − 𝜇𝑘)2 +𝑤1(𝜇1 + 𝜇𝑘)2

being 𝜇𝑘 =
∑𝐿

𝑖=1 𝑖𝑃𝑖 and 𝜇0 = 𝜇𝑘
𝑤0

, 𝜇1 = 𝜇𝑘
𝑤1

, then it can be computed as 𝑘̄ = 𝑎𝑟𝑔 𝑚𝑎𝑥𝑘=0,…,𝐿−1𝜎(𝑘), being 𝐵 the number of the distinct
intensity levels appearing in the image. The main steps performed by the Otsu algorithm are:

1. Calculate the pixel frequency distribution histogram of 𝐼 and the probability distribution 𝑃𝑖 of each intensity level 𝑖 = 1,… , 𝐿;

2. Normalize the histogram so that it sums to one, and calculate the 𝑤0 and 𝑤1;
3. Calculate the cumulative mean and cumulative variance of pixel values;
4. For each threshold value 𝑘 calculate the inter-class variance;
5. Find 𝑘̃ that maximizes the inter-class variance.
6. Use 𝑘̃ to binarize 𝐼 .

In the end, a final threshold 𝑘̃ is provided and it is used to produce a binary segmentation of the image 𝐼 . Kapur. The Kapur,
Sahoo, and Wong (KSW) thresholding algorithm (also known as the Kapur entropy-based thresholding algorithm) finds the optimal
threshold that provides the greatest amount of information or reduces uncertainty when separating the image into foreground and
background [19]. The method uses information theory to search an optimal threshold 𝑘 that maximizes the sum of the entropy of
the two classes 0 and 1 while computing the probability distribution of the image pixel intensities. The method considers the
foreground and background of an image as two different signal sources and computes an optimal threshold maximizing the sum of
the two class entropy. Let us assume that the image 𝐼 is segmented by a threshold 𝑘, and let us consider the entropies 𝐻0 and 𝐻1
of the two classes 0 and 1:

𝐻0 =
𝑘
∑

𝑖=1

𝑃𝑖
𝑤0

ln
𝑃𝑖
𝑤0

and 𝐻1 =
𝐿
∑

𝑖=𝑘+1

𝑃𝑖
𝑤1

ln
𝑃𝑖
𝑤1

.

The main steps performed by Kapur algorithm are:

1. Calculate the pixel frequency distribution histogram of 𝐼 and the probability distribution of each intensity level 𝑃𝑖, 𝑖 = 1,… , 𝐿;

2. Normalize the histogram so that it sums to one, and calculate the cumulative sum 𝑤0 and 𝑤1;
3. Calculate the overall entropy 𝐻(𝑘) of the two classes, that is 𝐻(𝑘) = 𝐻0 +𝐻1;
4. Find 𝑘̃ that maximizes 𝐻(𝑘).
5. Use 𝑘̃ to binarize 𝐼 .

In the end, a final threshold 𝑘̃ is provided and it is used to produce a binary segmentation of the image 𝐼 .
Tsai. Tsai’s moment-preserving method [20] is based on the idea to consider an image as the blurred vision of an ideal binary

image. In this method, the best threshold is selected in such a way that the first three moments of the image are preserved in the
esultant binary image. Defined the 𝑘th moment 𝑚𝑘 as

𝑚𝑘 = 1
𝑁

𝐿
∑

𝑖=1
𝑖𝑘𝑛𝑖,

then the optimal threshold 𝑘̃ is chosen as

𝑘̃ =
1
2 (𝑐1 +

√

𝛥) − 𝑚1
√

𝛥

being 𝛥 = 𝑐21 − 4𝑐0, 𝑐0 =
𝑚1𝑚3−𝑚2

2
𝑚2−𝑚2

1
, and 𝑐1 =

𝑚1𝑚2−𝑚2
3

𝑚2−𝑚2
1

.
Ridler and Calvard. This method consists in an iterative algorithm that starts with an initial guess threshold value 𝑘0 that is

used to initially split the image histogram into two portions. Generally, 𝑘0 is set to the average color level of the overall image or
he average color level of a subset of the pixels of the image (e.g., the four corners) that is most likely to contain only background

pixels [21,22]. Starting from 𝑘0, the algorithm proceeds at each iteration as follows:

1. Compute the set 𝑉𝐵 𝑒𝑙 𝑜𝑤 of pixels in 𝐼 with intensity level below the threshold 𝑘0;
2. Compute the mean intensity value 𝜇𝐵 of the pixels included into 𝑉𝐵 𝑒𝑙 𝑜𝑤;
3. Compute the set 𝑉𝐴𝑏𝑜𝑣𝑒 of pixels in 𝐼 with intensity level above the threshold 𝑘0;
4. Compute the mean intensity value 𝜇𝐴 of the pixels included into 𝑉𝐴𝑏𝑜𝑣𝑒;
5. Evaluate the new threshold value as 𝑘 = 𝜇𝐴+𝜇𝐵 ;
𝑖 2
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6. Iterate steps 1–5 while 𝑘𝑖+1 − 𝑘𝑖 is greater than a fixed tolerance value.

In the end, a final threshold 𝑘̃ is provided and it is used to produce a binary segmentation of the image 𝐼 .
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