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Budapest, Hungary; berke.jozsef@gde.hu 

Abstract 

When analysing digital images in metric spaces, several parameters based on image content and/or 
image structure can be used. Among these, a parameter that can be easily measured in practice for 
measuring self-similar images/image details is the fractal dimension or the fractal dimension-based 
quantities derived from it. All this makes it possible to perform measurements on individual or mass 
images or image details. However, the interpretation of the data obtained in this way raises several 
problems. The aim of this work is to describe the mathematical foundations of fractal dimension 
measurement characteristic of spectral content in digital images, by presenting it through practical 
examples. We also describe a possible solution regarding how the application of spectral image 
structure in practice can improve the interpretation and reliability of the measured results of box 
counting algorithms. We also examine the mathematical possibility of how the concept of spectral 
self-similar image structure and the entropy of the Second Law of Thermodynamics can help in the 
interpretation of image data obtained during living or inanimate natural science processes. By re-
examining previous results and using new measurement results, we illustrate the role of geometry 
resolution in spectral fractal structure-based studies. Considering the entire Universe as a single 
sensor, we provide the main parameters of this sensor, including values characteristic of its spectral 
fractal structure. 

Keywords: fractal; fractal structure; Hausdorff Besicovitch dimension; spectral fractal dimension; 
entropy; metric space 
 

1. Introduction 

One of the defining digital information media elements of our time is visual information. Within 
the animal kingdom, it is vital for mammals to perceive events in their environment based on visual 
data, to process them quickly and reliably, and to make decisions based on the information obtained. 
The medium of information transmission is most often electromagnetic waves. For terrestrial 
vegetation, the utilization of energy coming from the sun in the form of electromagnetic waves is 
vital not only for their own existence, but also for all life on earth. For humanity, visual data is perhaps 
one of the most important and effective information elements among the types of information 
necessary for development, which has been present for more than 51,000 years [1]. Nowadays, the 
perception of visual data in digital form and its digital processing with efficient - man-made - tools 
is of paramount importance. 

Mandelbrot defined the concept of fractal as follows [2]: " A fractal is by definition a set for which 
the Hausdorff-Besicovitch dimension strictly exceeds the topological dimension". In practice, the above 
definition can be applied to digitally recorded data (e.g. images, sounds, videos) with a good 
approximation. However, in the case of complex image-data structures defined in different metric 
spaces and with different content, their measurement is difficult. 

The Hausdorff–Besicovitch dimension was first introduced by Felix Hausdorff in 1918 and later 
developed by Abram S. Besicovitch. It can be defined for any subset of the real set as follows [3-4]: 

Let 𝐶⊆ℝ and given 𝑠≥0. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 September 2025 doi:10.20944/preprints202509.2121.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.2121.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 18 

 

Then, the s-dimensional Hausdorff measure of C is: 

(1) 

and the Hausdorff dimension of C can be defined as follows: 𝐻(𝐶) = inf { 𝑠 ≥ 0 | 𝐻𝑠(𝐶) = 0 }.     (2) 

The quantity H(C) is the Hausdorff–Besicovitch dimension of C. In most cases, H(C) is quite 
difficult to calculate. While the upper bound is relatively easy to determine, the lower bound is much 
more difficult to determine. Due to the inf in its definition, the Hausdorff–Besicovitch dimension 
cannot be measured for any physical object. We get closer to a practical definition by describing the 
fractal dimension theoretically [5].  

Let ),( dX be a metric space, and )(XHA∈ . Let N(ε) be the minimum number of spheres 
of radius ε that cover the set A. 
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exists, then FD is called the fractal dimension of the set. 
The general measurable definition of fractal dimension (FD) is as follows: 
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where L1 and L2 are the lengths measured on the (fractal) curve, and S1 and S2 are the dimensions of 
the (arbitrary) measure used (e.g., the geometric resolution in the case of digital images). The 
calculation of the fractal dimension is simple and can be performed based on several well-known 
algorithms [6], (Box Counting [7], Epsilon-Blanket [8], Fractional Brownian Motion [9], Power 
Spectrum [9], Hybrid Methods [10], Perimeter–Area relationship [11], Prism Counting [12], Walking-
Divider [13]). However, the practical application of these numerical methods was well outlined even 
in the early period [14-15].   

The fundamental problem when using the fractal dimension defined by equation (4) is that it is 
insensitive to the shades and colours of the image. This is well illustrated in Figure 1, where we can 
see black and white, grayscale and 3 × 8-bit colour (RGB) images. Applying equation (4) with the box 
method, the measured FD values are the same in all three images (FD = 2). The solution to this 
problem can be the introduction of SFD [16] and its application during the measurements. 
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Figure 1. The classical fractal dimension, when applied to digital images, is insensitive to shades and colours. 
Measurements of black and white (BB), grayscale, palette and colour (RGB) images give the same value, while 
measurements based on (5) and (9) clearly show differences between images (Table 1). 

Table 1. The values measured based on (5) and (9) of the images shown in Figure 1. 

Image type Colour space 
/bit/ 

FD SFDDSR 

/16bit/ 
EW-SFDDSR 

/real bit/ 
SFDDSR 

/real bit/ 
Black-White 1 2 0,2113 0,9332 1,0000 

Greyscale 8 2 0,8312 0,9908 0,9999 
Palette 8 2 0,8314 0,9659 1,0000 

RGB colour 24 2 2,3513 2,7652 2,8869 

Digital images taken with modern imaging devices today contain information from global 
navigation satellite systems (GNSS) and other location information systems and services within the 
EXIF data [17]. Based on these, images can be created that already contain height data for each pixel 
in the image. While orthophotos can also contain spectral data in addition to height data. The FD 
defined by (4) is suitable for measuring height data, but not for measuring spectral data (Figure 1).  

To measure the spectral structure, the spectral fractal dimension (SFD), defined in [6,16], 
equation (5) can be used: 
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where 
n – number of image layers or bands; 
S – spectral resolution of the layer, in bits; 
BMj – number of spectral boxes containing valuable pixels for j-bit; 
BTj – total number of possible spectral boxes for j-bits. 
The number of possible spectral boxes (BTj) for j-bits is as follows: 
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nS
jBT )2(=  (6) 

The metric (5) is therefore suitable for measuring self-similar structure in images [16]. Using 
equations (5) and (6), a generally measurable definition of the spectral fractal dimension is as follows, 
if the spectral resolution is the same within each image band (SFDEqual Spectral Resolution – SFDESR) (7): 
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If the spectral resolution is different per band/layer, then the generally measurable definition of 
the spectral fractal dimension (SFDDifferent Spectral Resolution – SFDDSR) is as follows [16]: 
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where 

Si— spectral resolution of layer i, in bits. 

As another possibility, we mention the relation presented in [18], which is the weighting of the 
self-similar spectral image structure with Shannon entropy [19,20], as follows: 
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(9) 

The implementation of EW-SFD was developed to apply energetic, physical and biological laws 
together to separate useful information from highly noisy images. 

The relations (5), (7), (8) and (9) are metrics, since in the case of metrics all of the following 
conditions must be fulfilled [16,21]: 

1. Non-negative definite, that is 

( ) 0, 21 ≥PPρ  (10) 

( ) 0, 21 =PPρ  ha 21 PP =   

2. Symmetrical, that is 

( ) ( )1221 ,P, PPP ρρ =  (11) 

3. It satisfies the triangle inequality, that is, 

( ) ( ) ( )322131 ,,P, PPPPP ρρρ +≤  (12) 

4. Regularity, this means that the points of the discrete image plane must be uniformly dense, i.e. 

( ) ( )ASFDPASFDSFD −+=:ρ  (13) 
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where A is an arbitrary subset of the N-dimensional image, while P is an arbitrary pixel of the N-
dimensional image, and in the context of (13) above, SFD means the metrics according to (5), (7)–(9). 

The Shannon entropy [19,20], which is interpreted as the weight factor of the independent pixels 
in the denominator of equation (9), is positive and finite. It cannot be zero, since in the case of metric 
spaces the zero-set (empty) image is not part of the space. The finite condition is also satisfied because 
in practice every digital image consists of a finite number of pixels, so the spectral space also has a 
finite number of elements. Based on the above, the previously presented proof (SFD as a metric) is 
also valid for equations (7–9) [21]. 

In [21], the following relationship was introduced for the SFD-based characterization of some 
technical parameters of image sensors in a single parameter (Spatial and Spectral Resolution Range - 
SSRR): 

   (14) 

where 
K – the number of pixels that make up the image. 
The value of this quantity increases monotonically if any two of the values of S, n and K given 

in (5) are fixed and the third value increases. (14) contains all three characteristic parameters, so it can 
be a characteristic value for any digital image sensor. 

The distribution of the dimensions defined in equations (5), (7-9) with respect to height, time or 
temperature, which, under given boundary conditions, can be interpreted for a given natural or 
artificial object, can be considered as the spectral height, time or temperature fingerprint of the given 
object, as follows [22]: 

𝑆𝐹𝐷௠௘௔௦௨௥௘ௗሺℎ, 𝑡,𝑇ሻ ൌ  𝑛 𝑥 ∑ log ቀ𝐵𝑀௝ሺℎ, 𝑡,𝑇ሻቁlog ቀ𝐵𝑇௝ሺℎ, 𝑡,𝑇ሻቁௌିଵ௝ୀଵ 𝑆 െ 1  
(15) 

where 

n—number of image (h, t, T) excluding layers or bands; 
S—spectral resolution of the (h, t, T) excluding layer, in bits; 
BMj (h, t, T)—number of spectral boxes containing valuable pixels in case of j-bits (h, t, T) 
distributions; 
BTj (h, t, T)—total number of possible spectral boxes in case of j-bits (h, t, T) distributions. 

Below are the values of n used in practice. 
• n=1 black and white or greyscale image 

• n=2 joint measurement of two bands used for index analysis (e.g. NDVI, SAVI based indices) 

• n=3 RGB, YCC, HSB, IHS colour space image 

• n=4 traditional colour printer CMYK space image, some CMOS sensor or Landsat 1–5 
Multispectral Scanner (MSS) 

• n=6 photo printer CCpMMpYK space image, Landsat ETM satellite images 

• n=7 Landsat 4–5 Thematic Mapper (TM) 

• n=8 Landsat 7 Enhanced Thematic Mapper Plus (ETM+) 

• n=10 MicaSense Dual Camera System (Red and Blue) 

• n=11 Landsat Operational Land Imager (OLI) for optical bands and the Thermal Infrared Sensor 
(TIRS) for thermal bands 

• n=13 Sentinel-2A satellite sensor  

• n=30 CHNSPEC FS-50/30  

• n=32 DAIS7915 VIS-NIR or DAIS7915 SWIP-2 sensors 

• n=60 COIS VNIR sensor 
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• n=79 DAIS7915 all 

• n=126 HyMap sensor 

• n>250 CHNSPEC FigSpec Series Full-Spectrum Hyperspectral Imager FS-2A 

• n=254 AISA Hawk sensor 

• n=488 AISA Eagle sensor 

• n=498 AISA Dual sensor (Eagle and Hawk) 

The fractal concept formulated by Mandelbrot and the significance of the related dimension 
were first widely presented in [23] in 1967. The practical extension of the concept of fractal dimension 
(FD) was further developed with the emergence of multifractals, with the presentation of the 
possibilities of application within physics [24] in 1983. A significant milestone is the summary 
textbook published in 2020, the main topic of which is the presentation of the possibilities of 
application of fractal dimension in network systems, but with regard to dimension it also contains a 
broad outlook on applications in other fields [25].  

The spectral fractal dimension-based relationships have been and are still being applied in many 
areas. The introduction of spectral fractal structure and spectral fractal dimension in image 
processing took place in the framework of conference presentations in 2004 [26,27]. The presentation 
of initial applications [6,26–28] pointed to a wide range of possibilities. Such was the separation of 
cane fungus pathogenic species by measuring the geometric changes on the surface of cane leaves 
and the spectral structure of the changes in 8-bit image bands. SFD has also been successfully used 
to measure the colour resolution of 3D models made from geocoded aerial photographs [28,29]. The 
examination of the spectral and geometric patterns of sawn wood boards was mentioned as an 
additional possibility [6,29]. The presented results clearly demonstrated that the spectral fractal 
dimension can be effectively applied even in the case of 8-bit RGB images per band. Further 
possibilities were presented for seed separation, dose effects on herbicide-treated sweet corn images, 
and leaf damage studies. In a controlled, laboratory-based psychovisual study of the JPEG 
compression process for measuring certain spectral characteristics, the SFD according to (5) was used 
to select test images [30,31]. The classification of potato tubers and the successful measurement of 
their quality characteristics based on SFD clearly highlighted the importance of the hue resolution of 
the images included in the study, both for RGB and FIR images [32]. Here and in [33], the study of 
temporal damage to plant parts was mentioned and applied. The researchers also drew attention to 
the importance of local measurements on samples.  

In 2007, SFD measurements were performed according to (5) presented in [34] for the analysis 
of hyperspectral images taken by the DAIS 7915 sensor. SFD values were measured for different 
vegetation types (alfalfa, sugar beet, corn, winter wheat, weeds, and turf), channel by channel and 
for all 80 channels. The aim was to separate the individual plant species using spectral curves 
prepared based on SFD values. The effect of noisy channels on the runtime was also presented in the 
same work. The basics of classifying hyperspectral images based on SFD spectral curves were 
presented in [35]. During the classification, four different crops (corn, triticosecale, wheat, sunflower), 
fallow land, trees and dirt roads were separated based on AISA DUAL hyperspectral images by 
analysing SFD spectral curves - as a kind of fingerprint. It has been found that noise in the entire 
image degrades the colour structure, i.e. SFD values decrease significantly and rapidly, or even 
oscillate. Using the relationships proposed by Clevers et al., [36] and Mutanga and Skidmore [37], the 
red edge inflection point location (REIP-SFD) in nanometres, which can be determined from the SFD 
curves, was defined as follows [35]: 

λre = 690 + 30 {SFDAVERAGE (690-720)}     (16) 

During the aerial survey of the red mud disaster [38–40], the metric (5) was used to locally 
identify flow areas and distinguish flow types, while processing images in the visible (VIS), near-
infrared (NIR) and far-infrared (FIR) spectral ranges [41]. They concluded that stationary, laminar, 
and turbulent tracks can be examined not only by geometric analysis of the flow area pattern in the 
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aerial photograph of the remaining mud. The flow types can be distinguished by measuring (5) and 
by examining the fractal structure in spectral space of hyperspectral or multispectral aerial 
photographs. 

In the impact assessment of traffic-related pollutants, SFD and Shannon entropy were compared. 
Based on images taken in the second half of the growing season, it can be clearly stated that in the 
case of maize, the average information content (entropy) gives the highest value in images taken in 
the near-infrared range. However, the entropy-based analysis did not show differences between the 
individual treatments in any spectral range. However, the analysis based on spectral fractal structure 
(5) to detect these showed significant differences [42,43].  

A fractal dimension calculation method called compression fractal dimension has also been 
published, which can determine the fractal dimension estimate in an image-independent manner 
[44]. The noise dependence of the generated fractal dimension was investigated on scanned digital 
images using three well-known algorithms (Pair-Counting Correlation, Box-Counting, Fixed-Grid 
Correlation) in the work [45]. Out of the seven conclusions, three important elements would be 
highlighted: 1. the presence of noise in digital images strongly influences the algorithms generally 
used for calculating the fractal dimension, 2. pixel-based methods are generally more robust to noise, 
and 3. the box-counting approach is not reliable enough. All three conclusions are confirmed by the 
author, however, to improve the reliability of the third statement, this work will propose a possible 
solution in the future, which is an estimation algorithm-independent solution. Several other works 
have also been published, which propose the refinement of fractal dimension calculation algorithms 
on digital images - in a targeted manner. Such methods include dimension estimation based on 
multiple geometric features [46] and the image pyramid approach [47].  

The possibility of examining the spectral fractal structure is also mentioned in many other areas. 
Such as the classification of Earth observation satellite systems based on a uniform scale [48], the 
prognosis of multiple sclerosis [49] and the analysis of CT images [50]. It was used to check the 
reliability of measurement data in the work [51], where the quality of certain wheat varieties was 
estimated using image processing methods based on laboratory measurements. During the 
investigation of imaging algorithms based on RAW images taken by Bayer-based image sensors, 
equation (7) was used to select test images in the work [52]. In the publication [53], the measurement 
of the gain noise of Bayer-type image sensors based on parameters that can be decisive for higher-
level processing processes (segmentation, classification, recognition) is presented. Equations (7) and 
(8) have been successfully applied to measure the gain noise of different image sensors used in the 
vision systems of different types of drones, as well as to some elements of optimal data acquisition 
and processing. It was also used to analyse the data depth and structure of test images [54] when 
examining the impact of individual imaging algorithms on image classification procedures 
(Mahalonobis Distance, Maximum Likelihood, Minimum Distance, Parallelepiped, Spectral Angle 
Mapper and Spectral Information Divergence). The first experimental verification of the ultraweak 
photon emission of mouse embryos played a key role in the joint application of medicine, biology, 
physics, and computer science, EW-SFD according to (9) [18,55]. Based on equation (9), it became 
possible to detect a significant difference between live, degenerate and background samples in digital 
images with an extremely low signal-to-noise ratio. The relationships (7-9) were used in the selection 
of images included in the studies in structured similarity index (SSIM)-based analysis [56], in 
vegetation mapping [57], and in the comparative analysis of NDVI indices calculated from 
multitemporal and Bayer-type RGB images [58]. 

The fractal structure-based analysis of digital images offers several additional possibilities. If we 
want to supplement the image and other data related to the image (e.g. ground references) with 
structural data that can be measured in metric spaces, then one of the most frequently measured 
parameters can be the fractal dimension according to (7-9). In such cases, it is advisable to consider 
the concept of density used in the mathematical sense.  

When the topology X is given by a metric, the closure  𝑨ഥ of A in X is the union of A and the set 
of all limits of sequences of elements in A (its limit pixels) [2,21,59–61], 
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𝐴̅ = 𝐴 ∪ ( lim௡→ஶ𝑎௡ : 𝑎௡ ∈ 𝐴 for all 𝑛 ∈ 𝑁) (17) 

Then, A is dense in X if 𝐴̅ = X (18) 

Equations (17) and (18) are approximately fulfilled in practice for digital images and imply 
several conditions for image sensor chips, pixel readout and image file formats [22]. In the case of 
image sensor chips, the condition primarily means the same geometric size of the pixel sensor 
elements in the x, y directions and the same cell size within the entire chip. This is usually fulfilled in 
industrial devices for space, aircraft, and UAV image sensors. During readout, omitting data from 
several pixel rows/columns at the edges of the sensors in the final image significantly improves the 
signal-to-noise ratio of the pixels at the edges. However, optical distortions and inadequate geometric 
mapping deteriorate the signal-to-noise ratio. In the case of professional UAV camera systems, the 
distortion caused by mapping can be significantly improved with an appropriate optical system. In 
the case of the file format, the condition is the accurate storage of the image sensor chip data (in the 
form of metadata within the images) in a lossless, raw image format, based on standards. However, 
it is advisable to check the fulfilment of the conditions outlined above based on the technical data of 
the UAV devices.  

2. Materials and Methods 
The algorithms used to determine the fractal dimension of digital images [7, 62] are applied 

down to the finest geometric detail. This means that the iteration procedure can be applied starting 
from the entire image down to the size of a single pixel. If we move to the space containing spectral 
values, instead of the geometric resolution, the intensity values of the individual layers/bands in 
independent directions are used (Figure 2). Therefore, in practice, we can determine the iteration 
steps based on the intensity values.  

 

Figure 2. The measurement space of the spectral fractal dimension (Figure 7 of [18]). Illustration of spectral boxes 
(216 = 65,536) used during SFD calculation of 16-bit images. The coordinate system formed by the independent 
axes (image band 1, 2, 3) forms the spectral space. Each pixel is assigned to the spectral boxes based on the values 
of the pixels occurring in the same position in the image. 

The intensity values of digital images detected with sensors are determined - based on the above 
- by the intensity values of the sensors. If these image data are modified/processed by software before 
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the measurements (e.g. noise filtering, modification for image display, classification, etc.), then the 
modification is also an interesting aspect. The last, but also essential element is the characteristics of 
the file format of the saved image data. 

Considering the aspects described above, the author proposes and applies several calculation 
options during SFD-based measurements: 

A. 8 bit – SFDESR, SFDDSR and EW-SFD  
B. 16 bit - SFDESR, SFDDSR and EW-SFD 
C. real bit - SFDESR, SFDDSR and EW-SFD 

In case “A”, the spectral data in the first 8 bits per band is measured regardless of the actual 
content. In the case of purely 8-bit image data or format types, this can be applied in the same way as 
in case “C”. 

In case “B”, the spectral data in the first 16 bits per band is measured regardless of the actual 
content. In the case of purely 16-bit image data or format types, this can be applied in the same way 
as in case “C”. 

While in case “C”, real spectral data is measured regardless of the representation or format 
occurring in each band. 

3. Results 

3.1. Measuring Image Data of Camera Arrays 

Figure 3 shows the image data of the sensor in four independent spectral ranges, but placed in 
a single camera array, as shown in Figure 2 of [22]. 

 

Figure 3. Figure 2 of [22] shows the image data of sensors placed in four independent spectral ranges, but in a 
single camera array, which are respectively: MS-R—Red band of 4-band orthophoto, MS-G—Green band of 4-
band orthophoto, MS-RE—Red-Edge band of 4-band orthophoto and MS-NIR—NIR band of 4-band orthophoto. 
Images were taken with the DJI M3 Multispectral camera array, at a flight altitude of 100 m relative to the take-
off point (GND), on 29 May 2024. 

Table 2. The images shown in Figure 3 are the measured values of all possible channel variations, based on (9). 

Image band(s) EW-SFD 

/8 bit/ 
EW-SFD 

/16 bit/ 
EW-SFDDSR 

/real bit/ 
R 0,2117 0,5886 0,5886 
G 0,1358 0,5501 0,5501 

RE -0,0879 0,4093 0,4093 
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NIR -0,5485 0,1702 0,1702 
Average of previous 

four values 
-0,0722 0,4295 0,4295 

R and G 0,8034 1,2018 1,1861 
R and RE 0,7999 1,2085 1,2085 

R and NIR 0,7622 1,1928 1,1756 
G and RE 0,8841 1,2605 1,2476 

G and NIR 0,7388 1,1829 1,1651 
RE and NIR 0,3999 0,9898 0,9598 

Average of previous 
six values 

0,7314 1,1727 1,1571 

R-G-RE 1,3296 1,5885 1,5985 
R-G-NIR 1,2665 1,5584 1,5664 

G-RE-NIR 1,2422 1,5486 1,5560 
R-RE-NIR 1,2099 1,5301 1,5362 

Average of previous 
four values 

1,2620 1,5564 1,5643 

R-G-RE-NIR 1,6531 1,7738 1,7979 
Based on the comparison of the data, increasing the number of bands (1,2,3 or 4) shows a clear 

increase in EW-SFD. This is also clearly illustrated in the diagram made from the data (Figure 4).  

 

Figure 4. EW-SFD values of images obtained by band mixing the images in Figure 3. 

In our opinion, fractal dimension measurements and analyses performed together on 8, 16 and 
real bits can improve the reliability of box counting algorithms. 

3.2. Spectral Analysis of RGB Images of Potato Tubers 

We performed the measurements according to (9) in addition to (5) on the complete database 
images containing different potato tubers described in [32,33] (Figure 5). By using (5) and (9) together 
(with the appropriate weighting of the two parameters), all 14 potato tuber varieties became 
significantly separable, while previously according to (5) the authors could only give a significant 
separation of 4 potato tuber varieties. By measuring the tubers within each variety independently 
and then calculating the average, we obtain the following results in the case of White Lady: 
SFDDSR=2,0186±0,0262 és EW-SFDDSR=1,6716±0,0419. The differences are primarily due to the lower 
geometric resolution of the individual tuber images. In the case of lower geometric resolution, the 
number of points with different colors is determined by the geometric resolution. 
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Figure 5. Figure showing the potato tubers of the entire database. Based on the values measured based on 
relations (5) and (9) (Table 3), the separation gives significant results for the varieties of the entire database. 

Table 3. The values measured based on (5) and (9) in the images shown in Figure 5. 

Potato variety EW-SFDDSR 

/real bit/ 
SFDDSR 

/real bit/ 
Average 

Réka 2,0240 2,3187 2,17135 
rebeka 2,0626 2,3403 2,20145 
Agata 2,0391 2,3246 2,18185 
Arosa 1,9885 2,3290 2,15875 

Ronina 2,0464 2,3283 2,18735 
Impala 1,7476 2,1957 1,97165 
Rosita 1,6624 2,1710 1,9167 

amorosa 2,1406 2,4204 2,2805 
Derby 2,0990 2,3648 2,2319 

white lady 1,9425 2,2455 2,094 
Roko 1,9396 2,2634 2,1015 

Aladin 1,9723 2,2943 2,1333 

3.3. Standard-Model Based Image Sensor 

Finally, we estimate the entropy and SFD values for the entire Universe, if the entire Universe 
behaves as a single sensor (Standard-model based Image Sensor - SmIS). Let us consider our sensor 
in such a way that each elementary particle of material nature forms an elementary point of the sensor 
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(SmIS pixel). Let us examine the elementary particles of our material world based on Figure 6. Each 
sensing point can be described by three independent characteristics: Mass, Charge and Spin. 
Following the RGB analogy, we will refer to this as MCS in the future. Let us see – based on Figure 6 
– how many different values are found in each independent MCS space, and then how many bits can 
we describe these values in. The above is summarized in Table 4. According to the table, there are 16 
different masses (described in 4 bits), 5 types of charges (described in 3 bits) and 3 types of spin 
(described in 2 bits). All this can be described in MCS space in a total of 9 bits (4 bits, 3 bits, 2 bits), 
i.e. each SmIS pixel in MCS space can be characterized by a triplet of numbers. If we also take 
antimatter into account, the above changes as follows: 16 different masses (can be described in 4 bits), 
7 types of charges (can be described in 3 bits) and 5 types of spins (can be described in 3 bits), i.e. we 
need 10 bits. 

To calculate the SFD, we need the number of elementary particles in the Universe, since they 
constitute the number of image sensors of our SmIS sensor. Based on the work [63], this number is 
approximately 1080. Based on all this, the size of the entire image is: 2x1080 bytes. 

Table 4. MCS spatial values based on the Standard-model. 

Image layer type Values 
Number of 

different values 
Color space 

/bit/ 

Mass 

0 MeV/c2, 0,8 eV/c2, 0,17 
MeV/c2, 0,511 MeV/c2, 

2,16 MeV/c2, 4,7 
MeV/c2, 18,2 MeV/c2,  
93,5 MeV/c2, 105,66 

MeV/c2, 1,273 GeV/c2, 
1,77693 GeV/c2, 4,183 

GeV/c2, 80,3692 GeV/c2, 
91,188 GeV/c2, 125,2 

GeV/c2, 172,57 GeV/c2, 

16 4 

 
Charge 

 
-1, -1/3, 0, 2/3, 1 

 
5 

 
3 

 
Spin 

 
0, ½, 1 

 
3 

 
2 

 
MCS color 

 
24 

 
24 

 
9 
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Figure 6. Table describing the particles of matter in the Standard-model. The original file was used without 
modification, which can be found below.: 
https://commons.wikimedia.org/wiki/File:Standard_Model_of_Elementary_Particles.svg. 

Based on the equation (6), it can be given how many optimal images (n) we would need to place 
a valuable SmIS pixel in each box, i.e., to maximize our SFD value. In our case, this is 267, i.e., all this 
is achievable with a 267-channel optimal SmIS image. Assuming multitemporal data collection, this 
means that we need to take images at least 89 (267/3) different times. In practice, images taken are not 
optimal, so recording at significantly more times would be necessary. 

If we accept that the shortest unit of time for the change in the information content of the 
Universe is the Planck time (this is the time it takes a photon in a vacuum to travel a distance of one 
Planck length at the speed of light), tP~5,39x10-44 s), we can determine how many SmIS recordings 
could have been made during the known age of the Universe (tU~4,36x1017 s). In our case, this is the 
image number: 8,08x1060. 

Based on equation (14), the SSRR value can also be given to our SmIS sensor, which can take the 
following values: SSRRmass = 24, SSRRmass-antimatter = 27 

4. Discussion 

When analysing digital images in metric spaces, a parameter that can be easily measured in 
practice for measuring self-similar images/image details is the fractal dimension or the entropy-
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weighted fractal dimension. This makes it possible to measure individual or mass images or image 
details. However, the interpretation of the data obtained in this way raises several problems. This 
work summarizes the mathematical foundations of the fractal dimension measurement characteristic 
of the spectral content in digital images. It discusses their metric properties (non-negative 
definiteness, symmetry, triangular inequality and regularization). It discusses the weighting of the 
spectral fractal dimension with Shannon entropy. It presents the Spatial and Spectral Resolution 
Range relation proposed for the uniform parameterization of image sensors. 

The possibility of SFD and EW-SFD is presented through practical examples. The work 
highlights how the application of spectral image structure in practice can improve the interpretation 
of the measured results of box counting algorithms and their reliability. It is proposed that fractal 
dimension measurements and analyses be performed simultaneously on 8, 16 and real bits. Although 
SFD-based measurements were presented separately in previous works, none of them dealt with the 
joint interpretation of these data. 

The author considers one of his most significant results to be that in the case of noisy images, the 
measurement of useful information related to either the noise or the signal provides reliable results 
without modifying the original images. Details of this were presented in [18]. In this work, the 
weighting of the spectral self-similar image structure with Shannon entropy was introduced and 
applied as a measured parameter. At the same time, the concept of entropy of the second law of 
thermodynamics helped the physical interpretation of the entire biological process, both for living 
and non-living (including the image sensor) objects. This is also one of the most important findings 
of the present work. 

Through the spectral fractal structure-based measurement of potato tubers, it was demonstrated 
to what extent the related newer SFD-based metric parameters can improve the results of previous 
measurements. 

Finally, the author, through the introduction and example of the Standard-model based Image 
Sensor, considers it justified and recommends SFD and EW-SFD-based measurements on original 
images occurring in astronomy. This can also be considered a possible future challenge. 

5. Conclusions 

The spectral fractal structure (SFD)-based measurement of digital images provides numerical 
data for the analysis of the self-similar image structure of a complex, multi-channel image data. In 
addition to camera arrays or multi-channel sensor systems, the method can also be used for other 
image multi-dimensional data structures (MRI, CT, PET, orthophotos). The fractal dimension 
measurements and analyses performed together at 8, 16 and real bits can improve the reliability of 
box counting algorithms and the conclusions drawn. The measurement data of the spectral fractal 
structure weighting with information theoretical entropy, supplemented by the appropriate 
interpretation of the physical entropy concept in a given natural process, can open new possibilities 
in the measurement and interpretation of the self-similar structural characteristics of complex 
processes. 
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Abbreviations 
AISA Dual 
AISA Eagle 
AISA Hawk 
BMj 
BTj 
BW 

Specim AISA Dual Hyperspectral sensor 
Specim Eagle Hyperspectral sensor 
Specim Hawk Hyperspectral sensor 
number of spectral boxes containing valuable pixels for j-bit 
total number of possible spectral boxes for j-bits 
Black and White (1 bit) 

AVIRIS 
NIR 

NASA Airborne visible/infrared imaging spectrometer 
Near-InfraRed 

CT Computer Tomography 
DAIS 
DEM 

Digital Airborne Imaging Spectrometer 
Digital Elevation Model 

E Entropy 
ETM+ 
H(C) 
MS 

Landsat 7 Enhanced Thematic Mapper Plus 
Hausdorff–Besicovitch Dimension 
Multispectral 

EW-SFD Entropy-Weighted Spectral Fractal Dimension 
FD Fractal Dimension 
FIR Fared InfraRed 
GND Ground (altitude relative to take-off point) 
MCS Mass, Charge, Spin (analogue as RGB color-space) 
MS-NIR Multispectral camera array Near-InfraRed band 
MS-R  Multispectral camera array R band 
MS-RE Multispectral camera array Red-Edge band 
MSS 
MS-G 

Landsat 1-5 Multispectral Scanner 
Multispectral camera array G band 

NIR 
OLI 
RE 

Near Infrared 
Landsat 8-9 Operational Land Imager optical bands 
Red-Edge 

REIP-SFD 
RGB 

Red Edge Inflection Point on SFD curves 
Red, Green, Blue (as color-space) 

RGB-B B band of RGB image of Bayer sensor 
RGB-G G band of RGB image of Bayer sensor 
RGB-R R band of RGB image of Bayer sensor 
S 
SFD 

spectral resolution of the layer, in bits 
Spectral Fractal Dimension 

SmIS Standard-model based Image Sensor 
TIRS 
TM 
tP 
tU 
UAV  

Landsat 8-9 Thermal Infrared Sensor 
Landsat 4–5 Thematic Mapper Satellite 
Planck time 
Age of the Universe 
Unmanned Aerial Vehicle 

UAS Unmanned Aerial System 
VIS Visible 
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