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A B S T R A C T   

To reveal the best choice of algorithm for parvalbumin-immunostained images of the hippocampal gyrus den
tatus in two distinct rat models of Parkinson’s disease (PD), particularly in terms of extracting the crucial in
formation from the image, we tested whether the impact of experimentally induced dopaminergic 
(hemiparkinsonism) vs. cholinergic (PD cholinopathy) innervation impairment on the parvalbumin stained 
GABA interneurons could be detected using two separate algorithms, the fractal box-count and the gray-level co- 
occurrence matrix analysis (GLCM) algorithms. 

For the texture and fractal analysis of the hippocampal gyrus dentatus images, we used.tif images from three 
experimental groups of adult male Wistar rats: control rats, rats with Parkinson disease (PD) cholinergic 
neuropathology (with a PPT lesion), and hemiparkinsonian rats (with a SNpc lesion). 

For the suprapyramidal layer of the gyrus dentatus ASM and Entropy differentiated the images of the SNpc 
lesion versus the images of the control and the PPT lesion subjects, with significantly higher ASM and lower 
Entropy, indicating the homogenization of the images and their lower gray-level complexity. The infrapyramidal 
images of the SNpc group were differentiated versus the images from the control and PPT groups in terms of all 
the GLCM parameters: they showed lower mean Entropy and Contrast and higher ASM, Correlation and IDM. 

These results strongly suggest a rise in the uniformity, homogeneity and orderliness in the gray-levels of 
images from the SNpc group. 

Our results indicate that GLCM analysis is a more sensitive tool than fractal analysis for the detection of 
increased dendritic arborization in histological images.   

1. Introduction 

In the past two decades, clinical and scientific interest in computa
tional image analysis has risen, due to increases in computational power 
and comfort in extracting the relevant information from grayscale im
ages [1]. 

The main advantage of the computational analysis of brain tissue 
images stems from its ability to investigate all the visible structures 
without discrimination and deal with spatial changes in pixel intensities 
not distinguishable to the human eye. Moreover, computer-aided image 
analysis has emerged as a tool which might complement the established 
approaches as it measures features that previously could not be identi
fied quantitatively, or could not be identified at all [2–4]. Fractal and 

gray-level co-occurrence matrix (GLCM), along with machine learning 
algorithms, are among the most commonly used image analysis 
algorithms. 

Many natural objects exhibit complexity and irregularity that is hard, 
if not impossible, to adequately describe using regular Euclidean ge
ometry. As a consequence, fractal geometry has arisen, which has been 
called “the geometry of nature”. It has developed for more than a cen
tury with the aim of overcoming the shortcomings of regular geometry 
in quantitatively describing irregular natural systems. The original idea 
of Hausdorff and Besicovitch of a fractional dimension was further 
developed and popularized by Benoit Mandelbrot [5], who also coined 
the term “fractal”, thus starting a prolific period of fractal analysis. The 
non-linear character of such analysis renders it quite useful for naturally 
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occurring objects and signals. Fractal geometry has found its way into a 
wide range of natural morphology analyses, including images of the 
brain [4,6,7], even allowing for the methodological limitation which 
arises from the fact that natural objects are not ideal fractals, but rather 
exhibit fractal properties of self-similarity and infinite complexity on a 
limited range of scales. Initially, fractal analysis was performed on bi
nary images with only black and white pixels, and this still remains one 
of the most commonly used methods. However additional methods, such 
as differential box-counting, have been developed to make a grayscale 
fractal analysis possible [8]. 

In addition, GLCM analysis is another commonly used type of image 
analysis. It is a statistical method based on second-order statistics and 
regarded as the most popular type of texture analysis [9,10]. First 
introduced in 1973 by Haralick et al. [11], GLCM is used on 256-bit 
grayscale images which are information-rich, and therefore superior to 
the binary fractal analysis for texture based images, such as histological 
images [12]. This method quantifies the distribution of gray level in
tensities within a group of pixels thus extracting information about tone 
homogeneity, their linear connection, contrast within the image and the 
boundaries between the gray tones and the complexity of their distri
bution [11]. 

Our focus in this study was to test the applicability and sensitivity of 
the fractal box-count and GLCM algorithms on the parvalbumin- 
immunostained images of the hippocampal gyrus dentatus in two 
distinct rat models of Parkinson’s disease. Particularly, we tested 
whether the impact of the experimentally induced dopaminergic 
(hemiparkinsonian rats) vs. cholinergic (Parkinson disease cholinop
athy) innervation impairment on the parvalbumin stained GABA in
terneurons of the hippocampal gyrus dentatus could be detected using 
two separate algorithms, to reveal the algorithm that represented the 
best choice for this type of image, in terms of extracting the crucial in
formation from the image, either from its morphological characteristics 
or from its texture. 

2. Material and methods 

2.1. Experimental design 

For the texture and fractal analysis of the hippocampal gyrus den
tatus images, we used.tif images, all of which had a size of 2088 � 1550 
pixels and a resolution of 300 dpi, from three experimental groups of 
adult male Wistar rats: control rats (n ¼ 5), rats with Parkinson disease 
(PD) cholinergic neuropathology (via a PPT lesion; n ¼ 4), and hemi
parkinsonian rats (with an SNpc lesion; n ¼ 4). Overall there were 47 
images (of which 26 were suprapyramidal and 21 infrapyramidal) from 
5 control rats, 35 images (of which 20 were suprapyramidal and 15 
infrapyramidal) from 4 rats with PD cholinopathy (with a PPT lesion), 
and 41 images (being 22 suprapyramidal and 19 infrapyramidal images) 
from 4 hemiparkinsonian rats (with an SNpc lesion). 

The surgical procedure, staining and image preparation was done at 
the Institute for Biological Research – Sinisa Stankovic of the University 
of Belgrade. The image analysis was done at the Institute of Biophysics, 
part of the School of Medicine at the University of Belgrade. 

2.2. Surgical procedure 

Prior to surgery and throughout the experimental protocol, the ani
mals were maintained on a 12 h light-dark cycle (7 a.m. lights on, 7 p.m. 
lights off) and were housed at 25 �C with free access of food and water. 
This study was carried out in accordance with the recommendations of 
EEC Directive (2010/63/EU) on the Protection of Animals used for 
Experimental and Other Scientific Purposes, and the protocol was 
approved by the Ethical Committee for the Use of Laboratory Animals of 
the Institute for Biological Research “Sinisa Stankovic” at the University 
of Belgrade (Approval No 2–21/10). 

The PD cholinopathy of Wistar rats was induced by a bilateral 

excitotoxic lesion of the pedunculopontine tegmental nucleus (PPT) 
using a stereotaxically guided microinfusion of 0.1 M of an ibotenic acid 
(IBO; Sigma-Aldrich, St. Louis, MO, USA; pH ¼ 7.4) solution in 0.1 M of 
phosphate buffered saline (PBS), directly into the PPT (A/P: -7.8 mm 
from the bregma; R/L: 1.9 mm from the sagittal suture; D/V: 7.0 mm 
from the brain surface, following Paxinos and Watson [13]). The hem
iparkinsonism of Wistar rats was induced by a unilateral lesion of the 
substantia nigra pars compacta (SNpc) by using 2 μl of 6 μg/μl of 6-hy
droxy dopamine hydrobromide salt (6-OHDA; Sigma-Aldrich, St. 
Louis, MO, USA) dissolved in ice-cold sterile saline (0.9% NaCl) and 
supplemented with 0.2% ascorbic acid (as an antioxidant), directly into 
the right SNpc (A/P: -5.3 mm from the bregma; R: 2.4 mm from the 
sagittal suture; D/V: 7.4 mm from the brain surface, following Paxinos 
and Watson [13]). In addition, to minimize the uptake of 6-OHDA by 
noradrenergic neurons, 30 min prior to the microinfusion, each rat 
received a bolus of desipramine hydrochloride (28.42 mg/kg, i.p., 
Sigma-Aldrich, St. Louis, MO, USA; pH ¼ 7.4). 

For all the microinfusions we used a Digital Lab Standard Stereotaxic 
Instrument (Stoelting Co., Europe) with a Hamilton syringe (10 μl). 
While the microinfusions of IBO into the PPT were introduced at a 
volume of 100 nl, using a single 60 s pulse, the microinfusions of 6- 
OHDA into the right SNpc were done as a single pulse of 200 nl/min 
at a constant flow rate, over 10 min [14,15]. Following each micro
infusion the Hamilton syringe was left within the local brain tissue for 
5 min before its removal from the brain, allowing the solution to diffuse 
within the PPT or SNpc. 

2.3. Tissue processing and quantification of the parvalbumin 
immunostained cells (the parvalbumin-expressing interneurons) 

All the rats were deeply anesthetized and perfused transcardially, 
starting with a vascular rinse until the liver had been cleared (200 ml of 
0.9% saline at a perfusion speed of 40 ml/min); followed by a 4% 
paraformaldehyde solution in 0.1 M PBS (200 ml; initially 100 ml at 
40 ml/min, and then 30 ml/min), and finally with a 10% sucrose solu
tion in 0.1 M PBS (200 ml at 30 ml/min). The animals were sacrificed 
and the brains were extracted, cleared of the meninges and blood ves
sels, and immersed in 4% paraformaldehyde overnight, and then in a 
30% sucrose solution for several days. The brains were cut in the coronal 
plane into 40 μm-thick sections using a cryotome (Leica, Wetzlar, Ger
many), and the free-floating sections were further stored in a cryopro
tective buffer (0.05 M phosphate buffer, 25% glycerol, and 25% 
ethylene glycol) at � 20 �C [14–16]. 

Parvalbumin immunohistochemistry was performed under the same 
conditions for all the experimental samples. The brain sections were 
initially thoroughly rinsed with 0.1 M PBS at pH ¼ 7.4. The endogenous 
peroxidase activity was neutralized using 3% hydrogen peroxide/10% 
methanol in 0.1 PBS for 15 min, and the nonspecific binding was pre
vented by 60 min of incubation in 5% normal donkey serum (D9663, 
Sigma-Aldrich, USA)/0.1 M PBS at RT [14]. The sections were further 
incubated for 24 h at 4 �C with a primary mouse monoclonal anti-PV 
antibody (dil. 1:2000, P3088, Sigma-Aldrich, USA) in a blocking solu
tion with 0.5% Triton X-100, and subsequently for 90 min in polyclonal 
rabbit anti-mouse immunoglobulin (dil. 1:100, Agilent Dako, P0260, 
Denmark). Between each immunolabeling step, the sections were 
washed in fresh 0.1 M PBS (3 � 5 min). The immunoreactive signals 
were visualized using a diaminobenzidine solution (1% 3,30-dia
minobenzidine [11208, Acros organics]/0.3% hydrogen peroxide/0.1 M 
PBS). All the sections were finally mounted on slides, dehydrated in a 
series of increasing ethanol solutions (Ethanol of 70%, 96%, 100%, 
Zorka Pharma, RS), placed in a clearing agent (Xylene, Zorka Pharma, 
RS), mounted with DPX (Sigma-Aldrich, USA), coverslipped and exam
ined under a Zeiss Axiovert microscope with a camera. To test immu
nolabeling specificity, the primary antibodies were omitted in the 
control experiments. 

The immunohistochemistry was performed under the same 
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conditions for all the experimental samples, and the parvalbumin 
immunostained cells of the gyrus dentatus was quantified by using the 
Image J 1.49v software. 

All the images we used were from the hippocampal gyrus dentatus of 
the same caudality (Fig. 1; � 3.0 mm caudal to bregma, following Pax
inos and Watson [17]). 

For the parvalbumin-expressing interneurons quantification, the 
texture and fractal analysis we used at least three suprapyramidal and 
two infrapyramidal images of the hippocampal gyrus dentatus granular 
layer for each rat in each experimental group, and for each brain side 
(Fig. 2). 

2.4. Image analysis 

Prior to analysis of all the images, in order to reduce the effect of the 
different amount of coloring of individual samples, we performed Color 
Match by using the Adobe Photoshop CC (Version 14.0) toolbox and the 
same software was used to transform the images into grayscale (Fig. 2). 

2.5. Gray-level co-occurrence matrix (GLCM) analysis 

All the parameters of the GLCM analysis were calculated using the 
Texture Analyzer plugin for the java based ImageJ 1.49v software [18]. 
GLCM quantifies the spatial probability distributions of the gray-level 
values between the pairs of pixels in an image [11]. The distance and 
angle of orientation between the pixels in a pair may vary (0�, 45�, 90�

and 135�). In this study, the distance was set to 1 and the orientation was 
fixed at an angle of 0�. The gray-level intensities varied from 0 to 255. 
We calculated five statistical GLCM features: contrast, correlation, en
tropy, inverse difference moment (IDM) and angular second moment 
(ASM). Contrast carries information about the relative difference in 
gray-level values between the adjacent pixels. Correlation measures the 
linear dependency of the gray levels on those of neighboring pixels, 
which means that if there is a high value of correlation, there is a pre
dictable and linear relationship between the neighboring pixels given by 
the regression equation. Entropy carries information about the amount 
of information combined with the complexity of the image, while IDM 

represents the local homogeneity of the image and ASM represents its 
texture uniformity [19]. The software plugin calculations were per
formed based on the formulas provided in the original work of Haralick 
[11] and in the work by Hall-Beyer [19]. 

The GLCM consists of terms (probabilities) that state the relationship 
between pairs of pixels. If Pi,j is the probability that a referent pixel and a 
neighboring pixel will have particular values, where i and j define the 
term’s position in the GLCM, then the angular second moment is defined 
as 

ASM¼
X

i

X

j
P2

i;j: (1)  

contrast is defined as 
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XN� 1
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where μi and μj are the GLCM means based on the probability of the 
occurrence of particular reference and neighboring pixel values given as 

μi ¼
PN� 1

i;j¼0
iðPi;jÞ and μj ¼

PN� 1

i;j¼0
jðPi;jÞ, respectively, and σi and σj are GLCM 

standard deviations given as the square roots of the respective GLCM 

variances σ2
i ¼

PN� 1

i;j¼0
ðPi;jÞði � μiÞ

2 and σ2
j ¼

PN� 1

i;j¼0
ðPi;jÞðj � μjÞ

2. The inverse 

difference moment is defined as 

IDM¼
XN� 1

i;j¼0

Pi;j

1þ ði � jÞ2
; (4)  

and entropy is defined as 

Fig. 1. Individual examples of the typical hippocampal sections and their gyri dentati used for the texture and fractal analysis. The texture and fractal analysis were 
done using the 20� magnified images (scale bar 50 μm) of the suprapyramidal and infrapyramidal layer of the hippocampal gyrus dentatus. 
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Fig. 2. Individual examples of the original (A), color matched (B), and the gray-scale (C) images from each experimental group (Control, PPT lesion and SNpc 
lesion), of the suprapyramidal and infrapyramidal part of the hippocampal gyrus dentatus used for image analysis. The scale bar for all the images is 50 μm. 
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Entropy¼
XN� 1

i;j¼0
Pi;j
�
� lnPi;j

�
: (5)  

2.6. Fractal analysis 

2.6.1. Binary images 
Fractal analysis was performed using the ImageJ plugin FracLac 

version 2015marb6206 applying the regular non-overlapping box count 
method [20]. All the images were binarized using the default threshold 
value defined by the software. The background was locked to white in 
order to avoid any erroneous background-foreground inversion during 
the calculations. Outlining was performed on the binary images using 
the “outline” command in the software. 

Two main features were calculated using the box-counting algo
rithm: fractal dimension and lacunarity, which are measures of 
complexity and heterogeneity, respectively. The box-counting method 
consists of covering the image with a grid of boxes of varying sizes ε and 
counting the minimum number of boxes (N) that contain foreground 
pixels of the image [21]. Fractal dimension is derived from the rela
tionship between the number of boxes that contain the object in an 
image (N) and the size of those boxes (ε). It is defined as the negative 
limit of the ratio of the logarithms of the number of boxes and their size 
[20]. 

D¼ � lim
ε→0

log NðεÞ
logðεÞ : (6) 

Given that naturally occurring fractals represented by digital images 
do not exhibit fractal properties on the infinite scale assumed by this 
limit, the fractal dimension is estimated as the negative slope of the 
straight part of the regression line, called the fractal window [22]. 

Lacunarity is a measure of the heterogeneity and rotational invari
ance of an image. Patterns that have larger, numerous and unevenly 
sized gaps generally have higher values of lacunarity, while patterns 
with similarly sized gaps with little rotational variance have lower 
values. The calculation of lacunarity relies on pixel mass distribution, 
where the number of pixels for all box sizes (ε) is estimated, again using 
the box-counting method. Lacunarity at the particular size of the box ε 
was calculated as the square of the coefficient of variation 

λε¼
�σ

μ

�2
; (7)  

where σ stands for the standard deviation and μ for the mean of the 
foreground pixels per each box of the size ε. 

From these lacunarity values, a single number was calculated as 
mean lacunarity Λ for the total number of box sizes (E) as 

Λ¼
P

λε

E
: (8) 

The minimum size of the box was set to 1 pixel and the maximum was 
set to 45% of the total image. This maximum size was chosen to avoid all 
boxes larger than the one containing all the pixels from impacting the 
slope, as they would have the same count value of 1. The binary pa
rameters included binary and outline fractal dimensions (Dbin, Dout) and 
binary lacunarity (Λbin). 

2.6.2. Grayscale images 
Fractal analysis on the grayscale images was performed using the 

differential box-counting method in the FracLac plugin mentioned 
above. The calculated features for this type of image were the fractal 
dimension and lacunarity and were marked as Dgray and Λgray. While the 
previously mentioned box-counting identifies the number of boxes 
containing foreground pixels, differential box-counting calculates the 
difference in intensity of the pixels in the box. For a box at the size ε, the 
difference δIi,j, ε is calculated as 

δIi;j;ε¼maximum ​ pixel ​ intensity ði; j; εÞ
� minimum ​ pixel ​ intensity ​ ði; j; εÞ: (9) 

This range is increased by one in order to prevent zero values in the 
subsequent logarithm calculations. The sum of all differences Iε is given 
as 

Iε¼
X�

1þ δIi;j;ε
�
: (10) 

The grayscale box-count dimension Dgray is calculated [20] from the 
regression line of the logarithmic graph of the Iε and the box sizes (ε) 

Dgray¼ lim
ε→0

logðIεÞ

log
�

1
ε

�: (11)  

2.7. Statistical analysis 

All the statistical analysis were performed using a Kruskal-Wallis 
ANOVA (X2-values) and a Mann-Whitney U (z - values) two-tailed post 
hoc test. The accepted level of significance was p � 0.05. 

3. Results 

There was no statistically significant difference in the number of 
parvalbumin-expressing interneurons of the suprapyramidal and infra
pyramidal part of gyrus dentatus in the rats with PD cholinopathy (PPT 
lesion) or the hemiparkinsonian rats (SNpc lesion) versus the controls 
(X2 � 1.90; p � 0.29; Fig. 3). However, in each experimental group the 
infrapyramidal part of gyrus dentatus had a smaller number of 
parvalbumin-expressing interneurons versus its suprapyramidal part 
(z � - 2.13; p � 0.03; Fig. 3). 

All the images of the gyrus dentatus granular layer of the hemi
parkinsonian rats (SNpc lesion) exhibited increased dendritic arboriza
tion compared to the controls and the rats with PD cholinopathy (PPT 
lesion); their individual examples are depicted in Fig. 1, bottom panels. 

We compared the fractal and GLCM features for each layer of the 
gyrus dentatus (suprapyramidal vs. infrapyramidal) within each exper
imental group (Table 1), and between the experimental groups (Control, 
PPT lesion, SNpc lesion; Table 2). All the statistically significant values 
are highlighted in bold. 

Whereas the fractal parameters did not show consistent statistically 
significant differences between the groups (z � - 1.80; p � 0.07), except 
for the Λgray value for the SNpc group, and the Λbin value for the PPT 
group of the suprapyramidal layer images (z � - 2.68; p � 0.01), the 
binary fractal features differentiated the layers within the control group 
with significantly higher Dout and lower Λbin values (z � - 2.31; p � 0.05) 
for the infrapyramidal layer, suggesting the greater morphological 
complexity of the contours in that layer. 

In contrast to the fractal analysis, the GLCM features exhibited better 
performance. For the suprapyramidal layer of the gyrus dentatus ASM 
and Entropy differentiated the images of the SNpc lesion versus the im
ages of the control and PPT lesion subjects with significantly higher ASM 
and lower Entropy (z � - 2.31; p � 0.03), indicating the homogenization 
of images and their lower gray-level complexity. Although the Contrast 
was significantly higher and IDM was significantly lower for the 
suprapyramidal images of the PPT lesion group (z � - 1.97; p � 0.05), 
none of the remaining texture parameters exhibited significant differ
ences (z � - 1.64; p � 0.10). 

On the other hand, the infrapyramidal images of the SNpc group 
were differentiated compared to the images from the control and PPT 
groups for all GLCM parameters: they showed lower mean Entropy and 
Contrast (z � - 2.80; p � 0.03) and higher ASM, Correlation and IDM 
(z � - 2.54; p � 0.04). These results strongly suggest an increase in the 
uniformity, homogeneity and orderliness in the gray-levels of images 
from the SNpc group. 
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Moreover, these parameters, with the exception of Correlation, 
differentiated the layers within the control group. The infrapyramidal 
layer had lower ASM, and IDM (z � - 2.70; p � 0.01) versus higher 
Contrast and Entropy (z � - 3.10; p � 0.004), which is in agreement with 
their binary fractal parameters (Dout, Λbin), additionally suggesting the 
greater complexity of the gray-levels in the images of the infrapyramidal 
layer of the control gyrus dentatus. Such pronounced differences be
tween layers were not observed within the images of the PPT and SNpc 
groups. 

4. Discussion 

Our present study shown that the GLCM and some fractal features are 
able to successfully differentiate the brain tissue textures of the supra
pyramidal and infrapyramidal layers of the gyrus dentatus in the control 
rats, as well as in the rats with PD cholinopathy (PPT lesions) and 
hemiparkinsonian rats (with SNpc lesions). 

In recent years, besides fractal analysis [12,23,24], GLCM analysis 
has found its application in terms of histological textures [3,4]. These 
analyses were selected based on their proven applicability to the 

Fig. 3. Quantification of the parvalbumin-expressing GABA interneurons in the suprapyramidal and infrapyramidal part of the gyrus dentatus. 
* indicates statistical significance at p � 0.05. 

Table 1 
The mean values of the fractal and gray level co-occurrence matrix (GLCM) parameters of the suprapyramidal and infrapyramidal layers of the hippocampal gyrus 
dentatus in: control rats (Control; n ¼ 47 images from 5 rats), rats with Parkinson disease (PD) cholinergic neuropathology (PPT lesion; 35 images from 4 rats), and 
hemiparkinsonian rats (SNpc lesion; n ¼ 41 images from 4 rats).   

Dgray Λgray (x10� 2) Dbin Dout Λbin (x10� 2) ASM (x10� 4) Contrast Correlation (x10� 4) IDM Entropy 

Control 
Suprapyramidal layer 1.37 5.65 1.70 1.49 69.27 9.04 35.71 12.01 0.27 7.57 
Infrapyramidal layer 1.37 5.55 1.70 1.52 61.62 7.51 40.41 11.76 0.24 7.74 
PPT lesion 
Suprapyramidal layer 1.37 5.63 1.71 1.51 61.56 8.04 37.66 11.75 0.24 7.66 
Infrapyramidal layer 1.36 5.46 1.70 1.51 57.66 8.06 38.20 11.95 0.24 7.67 
SNpc lesion 
Suprapyramidal layer 1.36 6.43 1.70 1.47 68.07 10.46 31.76 12.09 0.29 7.49 
Infrapyramidal layer 1.36 5.79 1.72 1.50 58.71 9.43 34.52 12.26 0.26 7.54 

Bold numbers indicate statistically significant differences between the suprapyramidal and infrapyramidal layers of the hippocampal gyrus dentatus within each 
experimental group at p � 0.05. 

Table 2 
The mean values of the fractal and gray level co-occurrence matrix (GLCM) parameters of the suprapyramidal and infrapyramidal layers of the hippocampal gyrus 
dentatus in: control rats (Control; n ¼ 47 images from 5 rats), rats with Parkinson disease (PD) cholinergic neuropathology (PPT lesion; 35 images from 4 rats), and the 
hemiparkinsonian rats (SNpc lesion; n ¼ 41 images from 4 rats).   

Dgray Λgray (x10� 2) Dbin Dout Λbin (x10� 2) ASM (x10� 4) Contrast Correlation (x10� 4) IDM Entropy 

suprapyramidal layer 
Control 1.37 5.65 1.70 1.49 69.27 9.04 35.71 12.01 0.27 7.57 
PPT lesion 1.37 5.63 1.71 1.51 61.56 8.04 37.66 11.75 0.24 7.66 
SNpc lesion 1.36 6.43 1.70 1.47 68.07 10.46 31.76 12.09 0.29 7.49 
infrapyramidal layer 
Control 1.37 5.55 1.70 1.52 61.62 7.51 40.41 11.76 0.24 7.74 
PPT lesion 1.36 5.46 1.70 1.51 57.66 8.06 38.20 11.95 0.24 7.67 
SNpc lesion 1.36 5.79 1.72 1.50 58.71 9.43 34.52 12.26 0.26 7.54 

Bold numbers indicate statistically significant differences between the suprapyramidal layers of the hippocampal gyrus dentatus in all experimental groups, and 
between the infrapyramidal layers of the hippocampal gyrus dentatus in all experimental groups at p � 0.05. 
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morphological classification of complex histological structures [25–27]. 
Although the fractal and GLCM analyses are classified as texture 

analysis tools, their implementation is evidently focused on different 
aspects of the image. Whereas fractal analysis deals with the complexity 
of contours and shapes, GLCM analysis accentuates the pixel position 
and intensity relationships, and the observed difference mainly comes 
from gray-level intensities and to a lesser extent from the morphological 
features of the sample. 

The difference in the texture complexity of the suprapyramidal 
versus the infrapyramidal layer of the hippocampal gyrus dentatus im
ages in all the experimental groups, and the change in that complexity 
caused by the experimentally induced neurodegenerative disease in the 
rats (either PD cholinopathy or hemiparkinsonism), is the major finding 
of this study. 

Within the control group, the infrapyramidal layer images exhibited 
a more complex texture, as was shown by the GLCM parameters with 
their higher mean Entropy and Contrast values and their lower mean 
ASM and IDM values, as well as the higher mean value of the fractal Dout 
parameter. Whereas the higher values of Entropy indicate the presence of 
more information in the image texture, alongside the more spatially 
complex distribution of the gray-levels, the higher values of Contrast 
correspond to larger differences in the gray-levels, which may emerge as 
a result of the slightly more complex patterns of a given image. 
Regarding complexity, this is in accordance with the lower mean values 
of ASM and IDM, which correspond to both a uniformity of texture and 
its local homogeneity, respectively. The infrapyramidal layer also 
exhibited slightly more morphologically complex contours for those 
objects in the binary images with higher mean values of Dout, versus a 
lower mean value of Λbin, which could be the result of the proliferation of 
gaps in a texture. This adds to the significant complexity difference in 
the layers within the control group, which was not observed to a simi
larly pronounced degree in the PPT (PD cholinopathy) and SNpc 
(hemiparkinsonism) groups, suggesting that this homogenization and 
loss of complexity in the infrapyramidal layer of the gyrus dentatus 
might have resulted from distant brain tissue damage (in this case, the 
distinctly experimentally induced neurodegenerative diseases). 

In contrast to all the GLCM parameters that significantly differenti
ated the infrapyramidal layer images of the SNpc group versus the 
control and PPT groups, there were no changes in the fractal parameters. 

Whereas the images of the suprapyramidal layer of the SNpc group 
exhibited lower mean values of Entropy vs. higher mean ASM values, the 
images of the infrapyramidal layer exhibited significantly lower mean 
values of Entropy and Contrast and higher mean values of ASM, Corre
lation and IDM, corresponding to a reduction in complexity and a rise in 
the orderliness, homogeneity and uniformity of the texture. Since we 
have demonstrated the smaller number of parvalbumin stained GABA 
interneurons in the infrapyramidal vs. the suprapyramidal layer of the 
hippocampal gyrus dentatus in all the experimental groups (Fig. 3), this 
result could in part emerge from the fact that the SNpc images showed 
pronounced dendritic arborizations (Fig. 2), as a consequence of the 
compensation for the loss of function at the lesion site, which affected 
the gray-levels of the texture by increasing the IDM and ASM values, thus 
making it more homogenous. 

5. Conclusions 

Our present results indicate that GLCM analysis is a more sensitive 
tool than fractal analysis for the detection of augmented dendritic 
arborization in histological images. 
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