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Both calculated quantities in the paper, fractal dimension and lacunarity 
respectively, prove high precision as foreteller to classify the glial cells tissue in 
various brain morphologies. The importance of microglia in neurodegenerative 
diseases and the influence of microglia in neurological disorders have been relevated. 
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1. Introduction 

In human brain, not neurons, but glial cells are predominant, warns 
neurologist Yves Agid (Sciences et Avenir, Santé, 2017). As a rule, when we talk 
about our brains we refer exclusively to neurons. However, neurons are not the only 
ones to support, stimulate, nurture and protect the brain. There are also glial cells. 
In general, we are talking about the neural brain, but we need to talk about the glial 
brain! In the brain, glial cells, about 150 billion, are more numerous than neurons 
(less than 100 billion). Glial cells are of three types: microglia, immune cells that 
defend the brain; oligodendrogliles that accelerate electrical transmission; 
astrocytes, super-cells, associated indispensable neurons. Astrocytes, compared to 
neurons, do not have electrical activity. "Astrocytes are mute," which would explain 
the lesser interest in neuroscience in the twentieth century. These cells protect the 
neuron, harbor it and maintain contact with neurotransmitters. Also, if they do not 
work normally, these ignored cells are involved in the emergence of nervous system 
diseases, especially neurodegenerative diseases [1]. 

It is, therefore, an extremely important area of investigation in terms of 
designing new treatments that act on neurons but also on glial cells. 
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In Fig. 1, one can see a picture of Glial cells, visually depicted from a human 
brain tissue. 

 

 
Fig. 1. A picture of Glial cells, from the tissue of a human brain 

 
Glial cells constitute a large fraction of the mammalian brain. Originally 

considered as purely non-functional glue for neurons, decades of research have 
highlighted the importance as well as further functions of glial cells [2]. Although 
many aspects of these cells are well characterized nowadays, the functions of the 
different glial populations in the brain under both physiological and pathological 
conditions remain, at least to a certain extent, unresolved. 

According to a lot of research in the last decade, which neglected the 
importance of microglia in neurodegenerative disease, a new viewpoint in the 
domain on the influence of microglia in neurological disorders has been seen in the 
past few years since 2015. Thus, starting with 2018, which has been an exciting 
year, a multitude of significant contributions in this highlighted field have been 
achieved. In a few words, we can say that microglia is heavily involved in the 
occurrence of Alzheimer’s disease, Parkinson’s disease, Huntington’s disease, 
Frontal Temporal dementias, ALS, Traumatic Brain Injuries, Ischaemic Strokes, 
Epilepsy, and other numerous neurological diseases. 

In Fig. 2, a photo of human microglia cells, in contrast phase technique, is 

presented. 
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Fig. 2. A photo of human microglia cells, in contrast phase technique 

Fractal analysis is a manner of measuring processes when the details of 
design are as important as gross morphology. It has been applied to fields as diverse 
as music, finance (fluctuations interpretation of foreign currency exchange rates) 
[3], materials technology (fractal surface analysis, fractal hydrodynamic model and 
fractal descriptions of the fracture parameters) [4-8], and search and rescue, in 
addition to topics such as signal processing (EEG/ECG), diagnostic imaging, tumor 
morphology, vasculature (fractal analysis in complex arterial network of pulmonary 
X-rays images) [9, 10] and overall brain structure, benign or malignant tissue 
(fractal analysis of brain tumors) [11, 12]. 

Before describing the metrics applied to a specific field of study we use in 
fractal analysis, to quantitatively characterize the fractal properties of glial cells 
tissue, we analyze at first the significance of the expression fractal in literature. The 
concept of a fractal is most often associated with geometrical objects satisfying two 
criteria such as self-similarity and fractional dimensionality, respectively. Self-
similarity means that an object is composed of sub-units and sub-sub-units on 
multiple levels that (statistically) resemble the structure of the whole object [4, 5]. 
Mathematically, this property should hold at all scales (to be unanimously 
respected). However, in the real world, there are necessarily lower and upper 
bounds over which such self-similar behavior applies, evidently. The second 
criterion for a fractal object is that it has only a fractional dimension. This 
requirement distinguishes fractals objects from Euclidean objects, which have 
integer dimensions exclusively. Here we mostly refer to the fractal dimension, 
which will be subject to appreciable development in the following chapters. 
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 2.  Fractal analysis of Microglia cells 

 As with neurons, for microglia work has been published using fractal 
analysis to study and classify microglial morphology in neuroanatomy, pathology, 
and development. 

One difference between the two fields of fractal analysis of neurons and of 
microglia is that the fractal dimension for microglia has been more clearly 
correlated with function. 

Using box counting, it has been shown that, basically, microglia in normal, 
healthy brain are highly ramified with a relatively high DB and that in response to 
certain stimuli such as chronic stress, they may hyper-ramify to a state with a 
slightly higher DB, but when responding to fully noxious pathological events such 
as brain trauma, enter a cycle of deramification with concomitantly decreasing DB, 
to a rounded, amoeboid form with a very low DB, and then return through a cycle 
of increasing re-ramification and increasing DB when resuming normal activity. 

Different stages within the cycle are often classified using categories that 
describe both form and function, and the fractal dimension has been shown to 
objectively quantify these categories [13-15]. 

Much of the fractal analysis work published for microglia has used box 
counting based on binary silhouettes or contours, a strong point being that this 
methodology is robust for all of the general morphological types, branched and 
unbranched, facilitating comparisons. Similar to what has been seen for neurons, 
the fractal dimension is typically positively correlated with increasing size of the 
span covered by a cell but measures features in addition to size. It has been shown 
to delineate microglia based on other categories such as age. Also similar to what 
has been found for neurons, the fractal dimension for microglia objectively 
distinguishes cells in different pathological states (e.g. Alzheimer’s). One strength 
of this approach is that it differentiates differences that can reflect important 
pathological events or other activities that are subtle or undetectable visually. For 
instance, the fractal dimension was useful for quantitating not only gross 
pathological responses but also less easily observable responses over different brain 
regions after transient global ischemia. This general capacity for quantifying 
subtleties of microglial morphology has important implications, because microglia 
are immune-inflammatory cells but also much more, having multiple roles in 
maintaining normal brain structure and function, interacting with all parts of the 
neuron. They are involved in pruning spines, facilitating synaptic transmission, 
interacting with extracellular matrix, and axonal excitability. They secrete growth 
factors and inflammatory mediators and play major roles in dealing with stress at 
all levels from sleep deprivation to subtle cognitive experience to pain modulation 
and severe trauma. In this respect, many roles of microglia in normal brain function 
and subtler dysfunction are currently being investigated suggesting the fractal 
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dimension of microglia will have potential application in many fields (e.g., drug 
monitoring, learning, stress, alcoholism and schizophrenia) [12]. 

Along with the fractal dimension, lacunarity and multifractal analysis have 
been used to classify microglial morphology. In particular, lacunarity has been used 
to objectively discern among very similar looking microglial morphologies within 
an activation category and having the same DB (rodlike forms appear when reacting 
microglia fuse but could also reflect physical confines or active migration). In silico 
modelling has shown that the DB is more sensitive for branching structures, but 
lacunarity is for particular features that are not always visually recognized such as 
soma size relative to process length. Multifractal analysis has shown promise for 
identifying microglia particularly in transitional states.  
 

3. The box counting technique 
 

Several methods to measure fractal dimensions and lacunarity have been 
used. As it is well known, the box counting technique implemented in digital image 
analysis software is employed with priority [13]. As expected, box counting is a 
way of assessing the distributions of background and non-background pixels in 
binary digital images representing extracted patterns from the real context of the 
original image [14, 15]. 

The differential box-counting method 
Let the least and greatest grey levels be denoted by Imin and Imax respectively 

in the (i, j)th block. Then the total quantity of boxes essential to cover up in z 
direction is nrold and after shifting the δ positions from nrold, nrnew is calculated [15]. 
Maximum of nrold and nrnew is taken as nr. nr = max(nrold, nrnew). nrold or nrnew is 
calculated as follows: 

 𝑛𝑛𝑟𝑟(𝑖𝑖, 𝑗𝑗) = 𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐 �𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚−𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
S′

� if 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 ≠ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚                                 (1) 

𝑛𝑛𝑟𝑟(𝑖𝑖, 𝑗𝑗) = 1, otherwise                                                          (2)  
and Nr will be calculated as 

𝑁𝑁𝑟𝑟 = ∑𝑛𝑛𝑟𝑟(𝑖𝑖, 𝑗𝑗).                                                        (3) 
The fractal dimension (DIDBC) is calculated with the regression plot between 

log(N) versus log(1/r). 
Measure of Lacunarity 
In overlapping or “sliding” box counting, the number of pixels per box is 

assessed using for each caliber, rather than a fixed grid, a single element that is 
systematically moved over the entire image such that the element may overlap with 
a previous placement at the next placement. The distribution is determined from the 
number of pixels per box as a function of box size or scale (𝜀𝜀), which is inversely 
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proportional to the box size. Lacunarity at a particular 𝜀𝜀 is denoted as 𝜆𝜆𝜀𝜀 calculated 
as the squared coefficient of variation, CV, for pixel distribution: 

𝜆𝜆𝜀𝜀 = (𝐶𝐶𝐶𝐶)2 = �𝜎𝜎
𝜇𝜇
�
2
                                    (4) 

where σ is the standard deviation and μ the mean of the pixels per box at 𝜀𝜀 [16, 17]. 
To arrive at a single number, the values for 𝜆𝜆𝜀𝜀 can be summarized as the 

mean 𝜆𝜆 for the total number of calibers (E) used: 

𝜆𝜆 = ∑𝜆𝜆𝜀𝜀
𝐸𝐸

  .                                              (5) 
A normal limitation of box counting is that the pixel distribution depends on 

how an image is scanned [18, 19]. For some patterns more than others, placing the 
non-overlapping box counting grid at different orientations yields different results 
[20]. 

 
4. Results and Discussion 

A voxel analogous to a pixel represents image data values, depicted in a 3D 
space. In the case of medical imaging, the position is represented on the Ox and Oy 
axes, while on the Oz it is represented in a gray scale the tissue resistance to the 
incident radiation [21. 22]. More precisely, the black color is being practically 
transparent to the radiation while the white color represents the reflectivity level 
[23, 24]. 

Application developed to compute lacunarity 
To compute the lacunarity of a binary image, a software has been developed 

in MATLAB R2017a environment which assumes to cover the image of interest 
with a gliding window whose dimension doubles until the maximum dimension of 
the image of interest is reached.  
 The program starts by opening a window with the help of which the image 
of interest can be selected by introducing its name and the format in which it is 
stored on the computer. Then, by using the size function, the dimensions of the 
image of interest are extracted in order to define the iteration limits of the program. 
 During each iteration, the windows navigates the image pixel by pixel and 
counts the number of pixels of value 1 inside it (variable denoted by „one_pixel” in 
our program), as well as the squared value of this counter (variable denoted by 
„one_pixel2” in our program). 
 Further on, the lacunarity is determined with the use of the following 
formula: 
                        𝐿𝐿𝐿𝐿𝑐𝑐𝐿𝐿𝑛𝑛𝐿𝐿𝐿𝐿𝑖𝑖𝐿𝐿𝐿𝐿 =  𝑜𝑜𝑚𝑚𝑜𝑜_𝑝𝑝𝑚𝑚𝑚𝑚𝑜𝑜𝑝𝑝2

𝑜𝑜𝑚𝑚𝑜𝑜_𝑝𝑝𝑚𝑚𝑚𝑚𝑜𝑜𝑝𝑝2
∗ 𝑁𝑁(𝑛𝑛)                                                         (6) 

where N(n) represents the number of variables in the program [20]. 
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The algorithm to compute the lacunarity has been applied subsequently to 
some images containing glial cells. 

 

 
a b c 

Fig. 3. a – biphasic cells; b – the shape of the image in grey-level tones; c – binary form of the 
image 

  
For the image in Fig. 3c, the fractal dimension has been determined to be 

DF=1.8278 ± 0.16996, the lacunarity L being given by a vector of values (1.0389, 
0.9734,  0.9263, 0.8893, 0.8599,  0.8307, 0.7821, 0.5984) and an average of 0.8623 
(approximated to 0.86) and Standard Deviation STDEV=0.13. Finally, the value of 
lacunarity is L=0.86±0.13. 

In Fig. 4, the lacunarity of biphasic cells versus current number of distinct 
area in the inventoried tissue is represented. 

 
Fig. 4. The lacunarity of biphasic cells versus current number of distinct areas in the inventoried 

tissue 
 

For the image in Fig. 5c, the fractal dimension has been determined to be 
DF=1.8312 ± 0.17391, the lacunarity L being given by a vector of values (1.0890, 
1.0069, 0.9474, 0.9011, 0.8674, 0.8369, 0.7873, 0.5948) and an average of 0.8789 
(approximated to 0.88) and Standard Deviation STDEV=0.14. Finally, the value of 
lacunarity is L=0.88±0.14. 
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a b c 

Fig. 5. a – epitheloid cells; b – the shape of the image in grey-level tones; c – binary form of the 
image  

In Fig. 6, the lacunarity of epithelioid cells versus current number of distinct 
area in the inventoried tissue is represented. 

 
Fig. 6. The lacunarity of epithelioid cells versus current number of distinct areas in the 

inventoried tissue 

 
a b c 

Fig. 7. a – cells of „hyperplasia” type; b – the shape of the image in grey-level tones; c – binary 
form of the image  

For the image in Fig. 7c, the fractal dimension has been determined to be 
DF=1.8285 ± 0.17076, the lacunarity L being given by a vector of values (1.3936, 
1.2587, 1.1435, 1.0223, 0.9230, 0.8542, 0.7823, 0.5839) and an average of 0.9952 
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(approximated to 1.0) and Standard Deviation STDEV=0.25. Finally, the value of 
lacunarity is L=1.0±0.25. 

In Fig. 8, the lacunarity of „hyperplasia” type cells versus current number 
of distinct area in the inventoried tissue is represented. 

 
Fig. 8. The lacunarity of „hyperplasia” type cells versus current number of distinct areas 

in the inventoried tissue 
 

 
a b c 

Fig. 9. a – sacramatoid cells; b – the shape of the image in grey-level tones; c – binary form of the 
image  

For the image in Fig. 9c, the fractal dimension has been determined to be 
DF=1.8285 ± 0.17076, the lacunarity L being given by a vector of values (1.5472, 
1.3063, 1.1447, 1.0237, 0.9437, 0.8807, 0.8005, 0.5799) and an average of 1.0283 
(approximated to 1.03) and Standard Deviation STDEV=0.28. Finally, the value of 
lacunarity is L=1.03±0.28. 

In Fig. 10, the lacunarity of sacramatoid cells versus current number of 
distinct area in the inventoried tissue is represented. 
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Fig. 10. The lacunarity of sacramatoid cells versus current number of distinct areas in the 

inventoried tissue 
 

5. Conclusions  

 Whereas neurons are the critical structural and functional basis of signaling, 
microglia are their dynamic, constant attendants, physicians, and undertakers. 
Being able to quantitatively assess both of these brain cell types is vital to the 
overall science of understanding, monitoring, and modifying nervous system 
function. 
 It has been outlined in this paper that the DF can be used to describe and 
categorize these two cell types in normal and pathological models using individual 
cellular branching patterns, but also other features. This work also explained that 
there are a variety of approaches, each with its strengths and weaknesses, making 
some preferred over others depending on the application. Box counting of 
silhouettes has particular promise for comparisons of neurons and microglia, in 
being able to capture features relevant to studies of both cell types in all potential 
forms. 

In conclusion, the stage is set to draw these two fields closer, to use fractal 
measures of neuronal and microglial categories to investigate complex features and 
interactions such as signal integration, spine morphology, chemical mediators, 
network effects, 3D orientation, etc. Classifying tissue using this type of approach 
offers a perspective on connectivity and synchronicity complementing the 
perspective afforded by studying dendritic branching or microglial morphology 
alone.  

Consequently, the two calculated quantities in the paper, fractal dimension 
DF and lacunarity L respectively, prove high precision as foreteller of benign or 
malignant tumor and to classify the glial cells tissue in various brain morphologies. 
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The computer programs developed and detailed in this work can be entirely 
incorporated into a medical protocol, which can be used in detecting and monitoring 
of brain diseases or in other affected parts of human body. 
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