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Abstract: A multi-variable visualization technique on a 2D bitmap for big data is introduced. If A and
B are two data points that are represented using two similar shapes with m pixels, where each shape
is colored with RGB color of (0, 0, k), when A X B ‰ F, adding the color of A X B gives higher color as
(0, 0, 2k) and the highlight as a high density cluster, where RGB stands for Red, Green, Blue and k is
the blue color. This is the hypothesis behind the single variable graphical knowledge unit (GKU),
which uses the entire bit range of a pixel for a single variable. Instead, the available bit range of a
pixel is split, and a pixel can be used for representing multiple variables (multi-variables). However,
this will limit the bit block for single variables and limit the amount of overlapping. Using the same
size k (>1) bitmaps (multi-layers) will increase the number of bits per variable (BPV), where each (x, y)
of an individual layer represents the same data point. Then, one pixel in a four-layer GKU is capable
of showing more than four billion overlapping ones when BPV = 8 bits (2(BPV ˆ number of layers)) Then,
the 32-bit pixel format allows the representation of a maximum of up to four dependent variables
against one independent variable. Then, a four-layer GKU of w width and h height has the capacity
of representing a maximum of (2(BPV ˆ number of layers)) ˆ m ˆ w ˆ h overlapping occurrences.
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1. Introduction

Multi-variable analysis and graphical representation of data are two demanding factors in the
field of data analysis. Multi-variable analysis is a method for depicting the correlation between
variables, while graphical representation of data is a very efficient tool for abstracting information in a
multi-variable dataset. In addition, graphical representation usually conveys the intended information
more easily than text or numerical values [1]. However, when the numbers of available data are high,
it is difficult to represent all of the data points of a scattered dataset as a plot due to the high number of
overlapping data points, also called occlusion or over-plotting. This is one of the main issues in the
field of data visualization, which leads to the loss of data in projection [2]. On the other hand, when
the numbers of variables are high, special techniques are required to represent multi-dimensions on a
two-dimensional or three-dimensional space. The biggest challenge is to visualize multi-dimensional
big data.
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Density cluster identification is a technique that is used in the field of knowledge discovery in
databases (KDD) [3–6]. Furthermore, density cluster identification is a tool that is used to identify the
correlation between variables. In cluster visualization, first, relevant density clusters were identified
by means of a suitable algorithm, and then, those identified clusters were visualized by means of a
suitable data visualization technique. Therefore, data visualization is usually a representation method,
but not a cluster identification method [7]. The real cluster identification is done by algorithms.
Of course, good visualization techniques allow viewers to identify clusters easily. However, this does
not imply that these data visualizations are made for identifying clusters. As in multi-dimensional
data analysis, cluster visualization also suffers when the numbers of data points are high, especially
due to overlapping.

The term “big data” refers to datasets for which the size is beyond the capabilities of current
database technology [6,8,9]. According to Karimi, big data is a “collection of databases so large or
complex that it becomes difficult to process using regular database management tools or traditional
data processing applications” [10]. In this work, big datasets are addressed from the perspectives of
processing and representation. In data visualization techniques, it is hard to identify a specific method
that is capable of visualizing big data [6]. The major and most practical reason for this is that there
is no adequate space in a plot to visualize all of the data points. In the domain of a scattered dataset,
overlapping data are another barrier for visualizing big data. On the other hand, according to the
definition, big data are data requiring extreme methodologies for processing, as well as storage [11].

2. Related Work

Scatterplot matrices [12], parallel coordinates [13], Andrews’ curves [14,15], Radviz [16] and star
coordinates [17] are the most popular techniques used for visualization of multi-dimensional data.
Except for star coordinates, all of the other mentioned methods display the multi-dimensional data
on a lower-dimensional space in a way that additional effort is needed for understanding the original
number of dimensions [17]. In contrast, star coordinates directly visualize dimensions as groups in
the form of high density clusters in a two-dimensional plot [17]. Overlapping and a higher number of
scatter plots in a scatterplot matrix convey poor visualization [18]. Parallel coordinates are not suitable
for visualizing a higher number of records [2]. When there are higher numbers of overlapping points,
Radviz does not provide the expected output [2,17]. Andrews’ curves do not support visualizing clusters
of multidimensional space even though they support a large number of data points [2] and require
higher computational time for generating curves [19]. The star coordinates suffer from overlapping of
clusters of variables [17,20]. These facts imply that all of the above-mentioned techniques are facing
the lack of capabilities for visualizing multi-dimensional big data, in most cases due to overlapping
data points.

In reality, it is normal to observe missing data [21,22] and out of range data or outliers [23,24]
in most data acquisition systems. It is not always necessary to impute missing and out of range
data. However, it is good to visualize the amount of missing and out of range data, to understand
the magnitude and the nature of the distribution of such data. In the domain of big data, it is very
important to know the quantity and the nature of such data for better comprehension of the quality of
the data. When dealing with big data, missing and out of range data identification requires considerable
computational effort. Nevertheless, in all of the mentioned methods, there is no standard mechanism
included for showing missing and out of range data.

3. Concept of the Graphical Knowledge Unit

In 2015, a new way of representing density clusters was introduced for one dependent and
one independent variable using a bitmap. The method was named the “graphical knowledge unit”
(GKU) [25]. Overlapping data points are the main features that are used for creating a GKU. A higher
number of overlapping ones makes a GKU more meaningful and understandable. From its origin, a
GKU does not suffer from overlapping data failures. Mainly, a GKU visualizes data in the form of
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density clusters. Mostly, it is possible to identify high density visually and by means of an algorithm,
depending on the color density. In addition, a GKU provides a mechanism for visualizing the
amount and nature of the distribution of both missing and out of range data points along with the
density clusters. Thus, the GKU is sought as a reliable approach for big data visualization, especially
overlapping types.

Nevertheless, the GKU is not a solution for visualizing multi-variable environments. An extended
usage of the GKU for representing multi-variables using the same concept of the overlapping of
data points is investigated in this work. As in the GKU, the success of multi-variable multi-layer
(MVML)-GKU depends on having high data density for clustering purposes. Figure 1a shows a GKU
used for representing 35,864 data points, and Figure 1b, c show the 3D representation and heat map
representation of the GKU. Usually, for plotting 3D maps or heat maps, it is necessary to process the
data for creating the required matrix. In contrast, while using a GKU, it is not necessary to create such
a matrix and when adding data points. A GKU gradually forms the density areas by incrementing the
color intensity in overlapped regions.
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Figure 1. (a) Representation of 35,864 data points a graphical knowledge unit (GKU); (b) representation
of the processed data of the same data in 3D; (c) representation of the processed data of the same data
in a heat map.

In the proposed method, the concept of the GKU is used to represent a multi-variable big data
environment in 2D space. Furthermore, the proposed method generates density clusters of all variables
on the same bitmap, which can be identified by the naked eye. Most importantly, the proposed method
does not suffer from overlapping data points and requires more overlapping for better visualization
of density clusters. Thus, the proposed method is a robust density cluster representation and data
visualization technique for multi-variable big data. Due to the very flexible nature of the proposed
method, it will help to represent big data captured from dynamic bioprocesses.
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4. Methodology

A GKU with a 24-bit bitmap, the RGB pixel format, is used for representing data points.
Furthermore, it is possible to use a 32-bit bitmap with the alpha-RGB (ARGB) pixel format for
representing the GKU. In both situations, a maximum of 24 bits or 32 bits can be allocated for
representing a single variable against another variable.

Instead of allocating the whole bit range of a pixel to a single variable, it is possible to divide
the bits among several variables. Figure 2 shows an example of the equal allocation of bits of a
32-bit bitmap with the ARGB pixel format for four variables. Furthermore, unequal allocation is
possible depending on the requirements. Here, the equal allocation of bits for the variables was mainly
considered. Figure 2 elaborates on the allocation of alpha, red, green and blue portions for representing
four variables, where eight bits per variable (BPV) are used. However, when the numbers of variables
are high, BPV is low.
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Figure 2. A single pixel of a 32-bit RGB format is split into four equal portions for representing four
variables (V1, V2, V3 and V4). A, R, G and B represents the alpha, red, green and blue portions of the
pixel, respectively.

When the BPV is low, it leads to fewer numbers of overlapping data points. If BPV = 8 bits,
it supports the representation of the maximum of 256 overlaps and will not allow the representation
of a higher number of data points. This will discourage the usage of multiple variables in the GKU.
As a solution, a multi-layer bitmap GKU is proposed, which consists of several equal-sized bitmaps
(Figure 3). In the GKU, when one block is full (e.g., blue), it is possible to use the adjacent block
(green) to represent overlapping [25]. In contrast, in a multi-layer GKU, when an allocated block is
full, it uses the relevant pixel block of another bitmap of the same size (Figure 3), which is named a
layer. If the number of layers is L and the number of bits allocated for a variable is k, this technique
provides k ˆ L bits for one variable. In the GKU, the whole bit range of a pixel is allocated for one
variable, which can be considered as a horizontal array. In contrast, in the MVML-GKU concept,
a single variable is a vertical array with k ˆ L bits (Figure 3). Depending on the requirement, it is
possible to decide the number of layers in the MVML-GKU.
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Figure 3. Four variables (V1, V2, V3 and V4) are represented using multiple bitmaps of a 32-bit RGB
pixel format for forming a multi-variable multi-layer graphical knowledge unit (MVML-GKU). Each
pixel is divided into four equal portions, where each portion consists of eight bits. When the 32-bit
RGB pixel format is divided into four equal parts, each variable represents the alpha, red, green and
blue sections of the pixel. This provides a vertical array of k ˆ L bits for one variable.
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Furthermore, each layer is numbered starting from 0, and the “place-value” is assigned for each
layer according to the layer number. This assigns the same “place-value” for each bit in the relevant
layer. The base of the “place-value” is in relation to the number of assigned bits for one variable, as
shown in Equation (1).

PV l “ p2pq´p`1q ´ 1q
l

(1)

where PVl is the positional value of a bit in the layer l, p is the index of the starting bit of the bit block
and q is the index of the ending bit of the bit block; thus, p = 0, 1, 2, . . . and q = 0, 1, 2, . . .

If the cpi,jq|l
rp,qs|l represents the color value of the variable, it corresponds to bit block [p, q] of the pixel

(i, j) of the layer l (Figure 4). Therefore:

cpi,jq|l
rp,qs|l “

p
ÿ

k“q

bpi,jq|lk ˆ 2q´k (2)

where bpi,jq|lk is the bit value (0 or 1) of the bit k of the bit block of a variable of pixel (i, j) of the layer l.
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rp,qs|l ˆ PV l (3)

Substituting from Equation (1):

Cpi,jq
rp,qs “

L´1
ÿ

l“0

cpi,jq|l
rp,qs|l ˆ p2

pq´p`1q ´ 1q
l

(4)

We reserved the last number of the bit block for representing the initial color of the bitmap.
Therefore, we used (2(q´p+1) ´ 1)l instead of using (2(q´p+1))l as the place-value of a certain layer.
For example, in the case of equal bit block allocation, if the BPV are eight, we used 255l as the
place-value of the layer l instead of 256l. This will reserve the last value “255” for the initial color of
the bit block. Whenever the whole pixel is considered, “white” is the initial color of the pixel and
the bitmap.

In the concept of the GKU, one data point is represented by a shape that consists of more than
one pixel (e.g., a circle) [25] as a data point shape (DPS). While adding a data point, the existing color
value of all of the pixels that are overlapped by the new data point need to be updated by adding the
color of the newly-added data point. In a multi-variable environment, separate data points are used
for each variable. It is possible to use different DPSs for different variables. However, in this paper, the
usage of the same DPS (e.g., circle) for all of the variables is discussed. In every new data addition,
the color increment of the intersected area needs to be updated with a previously decided value and
named the “color increment” (CI) [25]. When there is more than one variable, it is possible to use the
same or different CI values for variables. In all of the DPSs, the bit block that is assigned for a certain
variable is set to its initial color value while keeping all of the bits that do not belong to the considered
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bit block at value 1. For example, consider the situation of representing data points of four variables
(V1, V2, V3 and V4) on the MVML-GKU by means of circles (radius = r > 0), which has a 32-bit RGB
pixel format. Then, in the equal bit allocation, each variable is assigned eight bits as alpha, red, green
and blue, respectively. Four separate circles are used to represent V1, V2, V3 and V4 and are colored
using different “shape colors” (SC) as (CI, 255, 255, 255), (255, CI, 255, 255), (255, 255, CI, 255) and
(255, 255, 255, CI), respectively. Furthermore, using (CI, 0, 0, 0), (0, CI, 0, 0), (0, 0, CI, 0) and (0, 0, 0, CI)
is another possible way of implementing the four different variables. If bit block [p, q] represents the

CI of variable P, then P can be represented as Prp,qs. Then, Ppi,jq
rp,qs represents the pixel color of pixel

`

i, j
˘

of the DPS, where
`

i, j
˘

is the pixel of the DPS, which coincides with the pixel (i, j) of the MVML-GKU.

When updating the MVML-GKU, first, the Cpi,jq
rp,qs is calculated using Equation (4), and then, Ppi,jq

rp,qs is
added. Therefore:

Cpi,jq
rp,qs “ Cpi,jq

rp,qs ` Ppi,jq
rp,qs (5)

Finally, the value Cpi,jq
rp,qs is used to update the layers of the MVML-GKU using Equation (6).

cpi,jq|l
rp,qs|l “ QUOTIENT

˜

Cpi,jq
rp,qs ´

L´1
ÿ

m“l`1

cpi,jq|m
rp,qs|m, p2pq´p`1q ´ 1q

l
¸

(6)

where
řL´1

m“l`1 cpi,jq|m
rp,qs|m = 0 when m > L

When using Equation (6), it updates the MVML-GKU starting from the last layer and ends with
the first layer (layer 0). However, depending on the requirements, it is also possible to update the
MVML-GKU starting from Layer 0 with different approaches.

Variables with different scales or different value ranges require a larger bitmap for representing
the actual value ranges of the variable values. This is not peaceable, and it is necessary to transform all
of the values of different variables to one scale. To accomplish the transformation, a normalization
technique known as “min-max normalization” is used. Min-max normalization performs a linear
transformation on the original data mapped into a new range using Equation (7) [26,27].

v1 “ ppv´minAq{ pmaxA ´minAqq ˆ pnew_maxA ´ new_minAq ` new_minA (7)

where v’ is the transformed value of v, minA is the minima among all of the data points, maxA is the
maxima among all of the data points, new_maxA is the ceiling value of the new range and new_minA is
the floor value of the new range.

If the pixel at coordinates (0, 0) of a bitmap is the origin, then new_minA = 0. Then,
Equation (7) becomes:

v1 “ ppv´minAq{ pmaxA ´minAqq ˆ new_maxA (8)

The width of the bitmap is used for representing the independent variable, while the height of
the bitmap is used for representing multiple dependent variables. Thus, the width of the bitmap is
proportional to the range of independent variables, and the height is proportional to the maximum
range among the ranges of all dependent variables. If the height and the width of the bitmap is h and
w, respectively, then:

h “ RmaxD ˆ FmaxD (9)

w “ RI ˆ FI (10)

where RmaxD is the maximum range among the ranges of all dependent variables, RI is the range of the
independent variable, FmaxD is the scaling factor of the dependent variable that has the maximum range
among all ranges of all dependent variables and FI is the scaling factor of the independent variable.



Appl. Sci. 2016, 6, 96 7 of 15

In the concept of the GKU, it always uses the integer part of a number for mapping on the GKU.
Because of that, it is a must to scale up data that have a small range and decimal values to minimize the
influence due to truncation. Selecting appropriate values for new_maxA for Equation (8) will establish
the new set of transformed data. The method of selecting a suitable value for new_maxA is mentioned
in the next paragraph. Furthermore, min-max normalization transforms the data series into a positive
series, which is another requirement of the GKU. These transformation data are saved in the “GKU
specific data area” as a color [25].

With multiple variables, there are two possible ways of scaling. The first method is to scale all of
the parameters using a single scaling factor (F). This will change all of the values of the variables while
keeping the original ratio between variable values. The name “absolute scaling” will refer to such a
scaling technique, from now onwards. In “absolute scaling”, new_maxA for all dependent variables
is not the same, but FiD is the same for all dependent variables, where FiD is the scaling factor of i-th
dependent variable. The scaling factor of the variable with the height range can be considered as the
common scaling factor for all of the dependent variables. Define RiD as the range of the i-th dependent
variable, and new_maxAi is the new maximum of the i-th dependent variable. Then,

FiD “ FmaxD (11)

From Equation (9):
FiD “ h{RmaxD (12)

new_maxAi “ RiD ˆ FiD (13)

The second method is to scale all of the variables in a manner such that the maximum and
minimum of all of the variables coincide with each other. The name “relative scaling” will refer to such
scaling techniques, from now onwards. In “relative scaling”, new_maxA for all dependent variables is
the same, but FiD is not the same for all dependent variables. “h”, which is the previously decided
height of the image, can be considered as the common value for new_maxAi. Thus, for “relative scaling”:

new_maxAi “ h (14)

Depending on the scaling method, a compatible new_maxA can be calculated using either
Equation (13) or Equation (14).

To have a visually meaningful GKU, it is necessary to have a higher number of overlapping
clusters. If there are adequate numbers of overlapping clusters, the GKU shows different density areas
separated by automatically-generated “contour lines”. If the number of data points is smaller, it is
still possible to have more overlapping using two techniques: (1) use a bigger shape as the DPS and
(2) use a higher number as the CI in SC. Using either technique, it is possible to generate higher color
values in pixels and to create visible clusters. However, these techniques are important only for better
visualization of the clusters. The absence of visual clusters has no effect on understanding the content
of the GKU.

5. Datasets

Two online datasets are used, which are recorded from NIR spectroscopy at a biogas plant.
The first dataset is recorded over a period of nearly 25 days with a frequency of 115 values per day,
giving a total of 2885 data points. The second dataset is recorded over a period of 75 days with a
frequency of 20 values per hour, giving a total of 21,591 data points. In both datasets, the concentration
of volatile solids (VS) was selected as the independent variable, and the concentrations of total volatile
fatty acids (TVFA), acetic acid (AA) and propionic acid (PA) were selected as the dependent variables.
The selected data were part of a dataset that was used to develop a near-infrared (NIR) spectroscopy
online calibration for monitoring volatile solids (VS) and volatile fatty acids (VFA) as process indicators
during anaerobic digestion [28].
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We omitted the alpha portion of the pixel, because it is not visible. Therefore, we used three
dependent variables against the independent variable. A circle of a radius of 10 pixels is selected as the
DPS for three dependent variables. Three different colors were used as the CI for DPSs. All algorithms
in relation to the MVML-GKU were programmed and implemented in the validation process.

6. Results and Discussion

The results included in this section represent different forms of the MLMV-GKU representations,
which were obtained using different techniques. Furthermore, this section deliberates the methods
and interpretation of the MLMV-GKUs. Figure 5 shows a conventional scatter plot, which presents the
2885 occurrences of three dependent variables (TVFA, AA and PA) against the independent variable
(VS). Effective value ranges of TVFA, AA and PA are [0, 8], [0, 5] and [0, 5], respectively. The plot
itself does not convey strong evidence on data clustering or data density. On the other hand, due to
overlapping, it is difficult to identify some of the data points that may lie under other data points.
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Figure 5. A conventional scatter plot for representing the data of three dependent variables (concentrations
of total volatile fatty acids (TVFA), acetic acid (AA) and propionic acid (PA)) against the concentration
of volatile solids. Each dependent variable consists of 2885 data points. The ranges of TVFA, AA and
PA are [0, 8], [0, 5], and [0, 5], respectively. Due to over-plotting, the large number of data points and
the multi-variable environment, this plot itself does not provide direct useful information about data
clusters. This is the major drawback of using a scatter plot for representing multi-variable big data.

Plots in Figure 6 show the plotting of the same dataset shown in Figure 7, on the MLMV-GKU of
two layers using “relative scaling”. The MLMV-GKU was implemented using a circle with a ten-pixel
radius DPS and CI = 20. Three different RGB colors, (255, 255, 20), (255, 20, 255) and (20, 255, 255), were
used for representing TVFA, AA and PA, respectively. The effective width and height of the bitmap
is 400 and 400 pixels, respectively. Since “relative scaling” is used for scaling the values of variables,
according to the Equation (14), new_maxA for each dependent variable is 400 pixels. Based on this, all
existing ranges of all of the variables ([0, 8], [0, 5] and [0, 5]) were transformed. In Layer 0 of Figure 6,
the formation of clusters that belong to different variables can be identified with the naked eye. This is
one advantage of using the concept of the GKU, because it creates visibly dense clusters when there is
an adequate amount of overlapping.
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Figure 6. The MLMV-GKU of two layers. (a) Layer 0 of the MLMV-GKU; (b) Layer 1 of the MLMV-GKU.
The effective bitmap width and height are 400 and 400 pixels for representing the data of three
dependent variables (concentrations of total volatile fatty acids (TVFA), acetic acid (AA) and propionic
acid (PA)) against the concentration of volatile solids where each dependent variable consists of
2885 data points. All of the data are normalized using the max-min normalization method and used
400, 250 and 250 pixels as new_maxA for TVFA, AA and PA, respectively (relative scaling). The initial
color of each variable is (255, 255, 20), (255, 20, 255) and (20, 255, 255). A circle of a radius of 10 pixels
is used as the data point shape (DPS). The MLMV-GKU shows density clusters of both high and low
density areas of each variable by means of automatically-generated contour lines, which can be easily
identified by the naked eye.

Appl. Sci. 2016, 6, 96  9 of 15 

naked eye. This is one advantage of using the concept of the GKU, because it creates visibly dense 

clusters when there is an adequate amount of overlapping. 

 

Figure 6. The MLMV‐GKU of two layers. (a) Layer 0 of the MLMV‐GKU; (b) Layer 1 of the MLMV‐

GKU. The effective bitmap width and height are 400 and 400 pixels for representing the data of three 

dependent  variables  (concentrations  of  total  volatile  fatty  acids  (TVFA),  acetic  acid  (AA)  and 

propionic  acid  (PA))  against  the  concentration  of  volatile  solids where  each  dependent  variable 

consists of 2885 data points. All of the data are normalized using the max‐min normalization method 

and used 400, 250 and 250 pixels as new_maxA for TVFA, AA and PA, respectively (relative scaling). 

The initial color of each variable is (255, 255, 20), (255, 20, 255) and (20, 255, 255). A circle of a radius 

of 10 pixels is used as the data point shape (DPS). The MLMV‐GKU shows density clusters of both 

high and low density areas of each variable by means of automatically‐generated contour lines, which 

can be easily identified by the naked eye. 

 

Figure 7. The MLMV‐GKU of two layers. (a) Layer 0 of the MLMV‐GKU; (b) Layer 1 of the MLMV‐

GKU. The effective bitmap width and height are 400 and 400 pixels for representing the data of three 

dependent  variables  (concentrations  of  total  volatile  fatty  acids  (TVFA),  acetic  acid  (AA)  and 

propionic  acid  (PA))  against  the  concentration  of  volatile  solids where  each  dependent  variable 

consists of 2885 data points. All of the data are normalized using the max‐min normalization method 

using 400 pixels as new_maxA for all dependent variables (absolute scaling). The initial color of each 

Figure 7. The MLMV-GKU of two layers. (a) Layer 0 of the MLMV-GKU; (b) Layer 1 of the MLMV-GKU.
The effective bitmap width and height are 400 and 400 pixels for representing the data of three
dependent variables (concentrations of total volatile fatty acids (TVFA), acetic acid (AA) and propionic
acid (PA)) against the concentration of volatile solids where each dependent variable consists of
2885 data points. All of the data are normalized using the max-min normalization method using
400 pixels as new_maxA for all dependent variables (absolute scaling). The initial color of each variable
is (255, 255, 20), (255, 20, 255) and (20, 255, 255). A circle of a radius of 10 pixels is used as the
data point shape (DPS). The MLMV-GKU shows the density clusters of each variable by means of
automatically-generated contour lines, which can be easily identified by the naked eye.
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Furthermore, Figure 6 shows a considerable amount of clusters between different variables.
If there are clusters due to two or more variables, the color in the shared area is mixed and shows the
clusters with a different color. With the basic knowledge of color formation theory, it is possible to
identify those areas easily with the naked eye. Additionally, with image processing, it is also possible
to identify these areas by analyzing the color values of pixels. When “Layer 1” is considered, there
are no contour lines due to less overlapping. However, in Layer 1, clusters due to different variables
can be easily identified due to the different color of the shared regions (e.g., the shared area of TVFA
and AA). Furthermore, it is possible to distinguish clusters belonging to different variables. Since the
place value of Layer 1 is higher than the place value of Layer 0, the presence of color in a higher layer
implies the existence of higher density in the position in relation to the respective pixel. Therefore, the
examination of higher layers makes higher density area identification much simpler.

Changing parameter values opens new ways of identifying new relations between different
variables [27]. This technique is used as a very efficient tool in most data mining techniques.
The MLMV-GKU also supports this feature and easily seeks relations by changing the overlapping
between different variables. Figure 6 shows layers of the MLMV-GKU of the same dataset (scaled
with the relative scaling technique), which is used in Figure 7, and scaled using “absolute scaling”.
The highest range among all of the dependent variables belongs to TVFA. Since RmaxD = 8, according
to Equation (12), FiD = 50 for TVFA, AA and PA. Then, according to Equation (13), new_maxA for TVFA,
AA and PA is 400, 250 and 250, respectively.

Both layers in Figures 6 and 7 show overlapping areas of different variables. However, due to
different scaling methods, the overlapping areas belong to different variables in Figures 6 and 7 which
are not identical. This is a very useful feature when the GKU is used as a knowledge unit. When there
is overlapping between variables, it is easy to identify color values of multiple parameters by analyzing
a single pixel. This will reduce the overhead of computing. However, to interpret the meaning of a
shared area due to one or more variables, sealing factors must be decided after properly investigating
the domain requirements. Otherwise, only creating overlap areas between variables may not provide
useful information.

Selecting different color schemes for representing the shape color of DPSs has considerable impact
on the visual representation ability of GKU. In general, there are two available color schemes for
representing three dependent variables using the 24-bit RGB pixel format as (255, 255, CI), (255, CI, 255),
(CI, 255, 255) and (0, 0, CI), (0, CI, 0), (CI, 0, 0). Each color in the first version is near to the white color,
which is represented as (255, 255, 255), and each color in the second version is near to the black color,
which is represented as (0, 0, 0).

Figure 8 elaborates the impact of using the color scheme for the color of DPSs. Figure 8 contains
the same data used in Figure 6 with the same scaling parameters. However, (0, 0, 20), (0, 20, 0) and
(20, 0, 0) were used as colors of DPSs instead of (255, 255, 20), (255, 20, 255) and (20, 255, 255). The colors
(255, 255, 20), (255, 20, 255) and (20, 255, 255) are not identical and are visually identifiable. Though
colors (0, 0, 20), (0, 20, 0) and (20, 0, 0) are numerically identical, they are not visually identifiable
because all of these colors are equivalent to the black color. The major drawback of this scheme is that
the shape colors of DPSs cannot be visually identifiable, though they are different colors. This leads to
difficulties in identifying clusters visually, especially in low density areas. When examining Layer 1 of
Figure 8, this phenomenon is more visible. In Layer 1, neither clusters between different variables nor
density clusters of individual variables are possible to identify. Furthermore, in Layer 0 of Figure 8,
except high density areas, all of the other areas are in black or nearly black color, and this prevents
visual identification of low density areas in relation to different variables. This phenomenon can
be easily identified when considering the points PA and PB, as shown in Figure 8. It is not possible
to distinguish between PA and PB visually due to the colors of the DPSs. However, Figure 6, these
two points can be easily identified. Nevertheless, in reality, all black areas contain different colors
(e.g., (0, 0, 40), (0, 40, 0) and (40, 0, 0)), which is visible only to an algorithm. Thus, selection of this
type of color is not a problem for identifying clusters in low density areas with a computer. As a
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recommendation, it is stated that the different colors close to white are the best selection for the
MLMV-GKU for visually capturing clusters between different variables, as well as density clusters of
individual variables.
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Figure 8. The MLMV-GKU representation of the same data shown in Figure 6 with a different color
scheme. (a) Layer 0 of the MLMV-GKU; (b) Layer 1 of the MLMV-GKU. As in Figure 6, the effective
bitmap width and height are 400 and 400 pixels for representing the data of three dependent variables
(concentrations of total volatile fatty acids (TVFA), acetic acid (AA) and propionic acid (PA)) against
the concentration of volatile solids where each dependent variable consists of 2885 data points. All of
the data are normalized using the max-min normalization method and used 400, 250 and 250 pixels as
new_maxA for TVFA, AA and PA, respectively. The initial color of each variable is (0, 0, 20), (0, 20, 0)
and (20, 0, 0). A circle of a radius of 10 pixels is used as the DPS. The MLMV-GKU shows visual density
clusters only in high overlapping areas. When there is low overlapping, it is not possible to distinguish
points in relation to variables, such as PA, PB and Layer 0.

Plot (a) of Figure 9 shows the compression of the conventional scattered plot for one independent
and three dependent variables and plot (b) of Figure 9 the MLMV-GKU of two layers for the same
variables. The plots represent 21,951 data points, where the effective bitmap width and height are
400 and 625 pixels, respectively. Plots represent data in relation to three dependent variables (TVFA,
AA and PA) against the concentration of volatile solids (VS). All of the data are normalized using the
max-min normalization method and used 625, 550 and 225 pixels as new_maxA for TVFA, AA and
PA, respectively. In the MLMV-GKU, the initial color of each variable is (255, 255, 10), (255, 10, 255)
and (10, 255, 255). A circle of a radius of 10 pixels is used as the DPS. The MLMV-GKU shows
density clusters of each variable by means of automatically-generated contour lines, which can be
easily identified by the naked eye. This is a special feature of the GKU, which is not possible with a
scatter plot.

As mentioned in Section 1, star coordinates directly visualize dimensions as groups in a form
of high density clusters in a two-dimensional plot. It is one of the better visualization techniques.
However, star coordinates suffer from cluster overlapping of clusters of variables [17,20]. This is the
major drawback of the star coordinates. If there are no overlapping regions, star coordinates can be
used to visualize high density data clusters. However, the data we used have overlapping regions and
cannot be visualized using star coordinates.
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The nature of the MLMV-GKU allows the usage of a higher number of layers for representing
variables. Unfortunately, this will lead to problems in understanding the whole picture. This is a
very common problem in understanding scatterplot matrices [12]. To prevent this problem, it is
recommended to use the maximum of four layers where the visual representation is important. Using
four layers, it is possible to show 255 ˆ 255 ˆ 255 ˆ 255 (more than four billion) overlaps using eight
bits per variable, in the 32-bit pixel format. When using the 32-bit pixel format, basically, it is possible
to show four dependent parameters against one independent parameter. This will provide space for
more than 16 billion cases of overlapping (four billion ˆ four variables) in a certain pixel coordinate
of the four-layer GKU. If the width and height of the data plotting area are w pixels and h pixels,
respectively, then it is possible to visualize the maximum of x ˆ y ˆ 16 billion cases of overlapping
in the four-layer GKU. This is a huge amount of overlapping occurrences, and none of the existing
graphical visualization techniques are capable of visualizing this amount of overlapping. Although it
is recommended to use a maximum of four layers, there is no mathematical restriction to using more
than four layers, depending on the requirement.
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Figure 9. Scatter plot (a) and MLMV-GKU of two layers (b) representation of 21951 data points where
effective bitmap width and height are 400 and 625 pixels. Plots representing the data of three dependent
variables (concentrations of total volatile fatty acids (TVFA), acetic acid (AA) and propionic acid (PA))
against the concentration of volatile solids. All of the data points are normalized using the max-min
normalization method and used 625, 550 and 225 pixels as new_maxA for TVFA, AA and PA, respectively.
In the MLMV-GKU, the initial color of each variable is (255, 255, 10), (255, 10, 255) and (10, 255, 255).
A circle of a radius of 10 pixels is used as the DPS. The MLMV-GKU shows density clusters of both
high and low density areas of each variable by means of automatically-generated contour lines, which
can be easily identified by the naked eye, which is not possible with scatter plots.

The major drawback of MLMV-GKU is the influence of outliers, which leads to artificial high
density areas on the GKU. Once these outliers are mixed with non-outlier values of other variables,
this leads to incorrect decision making. Furthermore, due to the influence of outliers, the actual scaling
cannot be achieved. PA in Figure 8 can be considered as an example for such an outlier. Because of the
influence of this outlier, it was considered as the maximum of the dataset, even though it is an outlier.
Therefore, before plotting the MLMV-GKU, it is essential to remove outliers. The other disadvantage
of the MLMV-GKU is that it cannot be directly used to find the correlation between variables, though
sometimes, it helps to identify some trends between variables. Nevertheless, domain-related correlation
can be defined after considering individual situations. For example, in the considered domain, the
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concentration of TVFA is proportional to the concentration of AA [29]. In Figure 6, clusters in relation
to TVFA and AA have nearly the same shape and reveal the domain conditions more convincingly.

Dividing the 32 bits into small portions will facilitate using more variables in the MLMV-GKU.
For example, if four bits are used per variable, it will provide room for eight dependent parameters to
be clustered in the 32-bit format. Then, it is necessary to increase the number of layers to accommodate
the higher number of data points. As previously mentioned, this is not always a good solution,
especially if the aim is to use the MLMV-GKU for visualization. Therefore, the best solution is to use
pixel formats that provide a higher number of bit ranges. There are different ARGB color formats that
provide up to 128 bits per color channel (total 512 bits) [30,31]. Nevertheless, still, the limit of eight bits
per variable and four layers for the MVML-GKU can be maintained.

The GKU is itself a database and knowledge unit that can be used as the input values for an
algorithm; thus all of these properties are inherited by the MLMV-GKU, as well. The meaning of the
content can be altered by changing three parameters of the DPS: firstly, the type of shape; secondly,
the color of the shape; and thirdly, the position of the data point in the shape. The type of shape that
is used in all of the plots in this article is circular. Furthermore, it is possible to use a suitable shape
(e.g., square, polygon) instead of a circle. Furthermore, using different types of DPSs for different
variables, it is possible to identify/show the effect/influence of a variable on other variables in a more
meaningful manner. When a circle is selected with a single color as the DPS, this implies that the effect
of the data point is equally valid for all of the pixels inside the circle. However, if the color of the circle
is selected in a way that the color is proportional to a certain property (e.g., distance to the data point),
this can be used to represent the functional influence of a data point. In the examples shown in this
article, the data points were located in the center of the circle. By applying those property changes, the
meaning of the MLMV-GKU can be enhanced according to different domain requirements.

If there is a dataset scheduled to be collected for a time period of T, at a time tk (tk < T), all of
the data placed on the MLMV-GKU are processed up to time tk´1. Therefore, at any time, the data in
the MLMV-GKU can be used to understand the current situation with or without further processing.
If further processing is required, a copy of current bitmaps can be used for processing, while the
original MLMV-GKU keeps updating. Because each layer is an independent bitmap, each layer can be
individually analyzed using a separate process without depending on other layers. This feature enables
the MLMV-GKU to be a parallel-processing-ready technique. After analyzing, the final decision can
be obtained by summarizing the results of each layer. This could reduce the total processing time to
below the usual single process analysis time.

7. Conclusions and Outlook

The MLMV-GKU is a technique that facilitates the visualization of multiple variables with a big
amount of data. It does not show each data point individually and shows abstracted information
as density clusters. Furthermore, the MLMV-GKU is a highly enhanced version of the GKU, which
inherited all of the features of the GKU. The MLMV-GKU is an ideal tool for visualizing big data and
fulfils a highly demanding requirement in the field of big data visualization. Using a four-layer GKU,
it is possible to show more than four billion instances of overlapping using eight bits per variable, in
the 32-bit pixel format. This will provide space for more than 16 billion different overlapping situations
in a certain pixel coordinate. Thus, the MLMV-GKU will provide a fast means of decision making,
which will be one of the major factors in process control. None of the existing graphical visualization
techniques is capable of visualizing this amount of overlapping.

As an outlook for further developing the MLMV-GKU for the online environment, the usage of
the 3D bitmap will facilitate the usage of another additional variable, the z-axis, in contrast to the
current concept of the 2D bitmap, which facilitates (1 + n) variables.
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