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ABSTRACT 

Neurons and their support cells have a branching structure caused by their growth 
processes. The possibility of developing models of such structures can yield great 
rewards in our understanding of neural growth and function, and our ability to 
identify different types of neuron. Growth processes in other contexts have been 
successfully modelled as Lindenmayer systems, but little work has appeared using 
this approach for neural tissue. In this paper we present a new model of neuron 
growth using L-systems. MicroMod is a web-based program that allows models to be 
easily built using a comprehensive set of adjustable parameters. We illustrate some 
of the techniques facilitated by MicroMod, using the example of microglia. 
Simulated cells are compared with real cells, and then used to identify clusters that 
may provide a new classification of cell types. We suggest that the ability to link 
cluster description back to the parameters of the L-systems model may provide new 
insights into disease progression. 
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1.0 INTRODUCTION 

The growth patterns of neural and microglia tissue result in branching structures. Several researchers have 
suggested possible models of neural tissue branching, for example the passive cable model of Rall (1977), but 
modelling of microglia has not been attempted. This is due to the diversity of morphological variants in the 
microglia population and requires suitable models to be identified. The need for suitable models is driven by 
potential benefits in understanding neuron structure and forms of pathology. The aim of this work was to develop 
a comprehensive modelling tool to facilitate the modelling of all kinds of neurons. In this paper we introduce 



MicroMod, and discuss some of the analysis methods it can provide. Using microglia as an example, we derive 
new models of growth and compare the resulting images to those obtained from real tissue. Then we apply a 
clustering algorithm to the simulated cells to suggest a new classification of cell types. We conclude our 
discussion by pointing out the possible benefits of relating cluster descriptions back to the parameters used in the 
L-systems model, in order to connect growth parameters with final form. 

L-system models (Lindenmayer 1968) represent growth as a repetitive process. In these models, a grammar 
specifies simple rules for growth and branching. These rules are applied in a recursive fashion, and lead to 
complex structures being formed. L-systems have been used to model many types of plant growth (Prusinkiewicz 
and Lindenmayer, 1990). More recently, L-systems have been applied to neural tissue, (Ascoli 1999; 
Mulchandani, 1995). Modelling neural structure using L-systems and other approaches has provided many 
insights into functional attributes of the populations studied (Ascoli 1999; Koch et al., 1982; Jelinek et al., 2002).  

This paper presents a new tool for modelling neural tissue, MicroMod, which uses L-systems modelling to 
characterise microglia types. These models can be visualised and compared with real cells. Using additional 
morphological parameters, it becomes possible to deduce features of microglia in humans with and without 
various disorders. These features include not only morphology descriptive measures, but also parameters 
associated with the growth of microglia processes, based on the parameters of the models used to produce the 
synthesized cells. One major hurdle in this endeavour is that in order to hypothesize about function, cells have to 
be classified into groups. Large within group variation of individual group members, changes in morphology due 
to activation of microglia and a possibly infinite number of descriptive morphological variables make this task 
difficult (Bock 1974; Tyner 1975; Sheffield, Marquis, and Berman, 2000). A relevant selection of morphological 
features combined with unsupervised learning can provide powerful tools for classifying heterogeneous cell 
populations (Cesar et al., 1996; Jelinek et al., 2002). In this work we create models that resemble real cells, from 
control and Alzheimer's disease post mortem tissue. We then compare our simulated cells with real cells using 
diverse morphological parameters. By using machine learning techniques we investigate the control group further 
for the automatic discovery of clusters within the data, corresponding to different types of cells within the 
microglia population. The types produced by this process may not resemble traditional types identified by experts 
using visual inspection of real cells, but may represent a more objective grouping. The advantage of producing a 
classification using simulated cells is that these types can be compared with the parameters that produced them. 
In this way we should be able to suggest some of the processes at work during growth and pathological changes. 

2.0 MICROGLIA 

Microglia are small immune effector cells residing in the central nervous system (CNS) of humans and many 
other animals Badie and Schartner (2001). Many authors conceptualise microglia as essentially homogeneous in 
both function and morphology, and most researchers assess microglia according to techniques and categories 
potentially insensitive to subtle disruptions Bayer et al. (1999). Yet, understanding differences amongst 
subgroups of microglia and under different pathological conditions (activated) is critical to understanding 
microglia function, where even subtle differences may underlie grave consequences for people harbouring them. 
 
Why microglia in many pathologies change form, and what functional and structural consequences accompany 
these subtle abnormalities, is not known. Methods for characterising microglia that are more sensitive than those 
currently reported in the literature, may shed light on the matter. One such method comprises the use of L-
systems modelling combined with morphological parameters based on pattern recognition research (Ascoli, 
1999; Costa and Cesar, 2001). Computational operations such as fractal analysis, blurred histogram 2nd moment, 
wavelet 2nd moment, entropy and lacunarity have been employed for classification of numerous cells and tissues 
(Behar 2001; Jelinek et al., 2002; Costa and Velte, 1999; Elston and Jelinek, 2001).  
 
One major difficulty in classification of microglia is that they respond actively to continuous ongoing 
pathological insults. Which aspects of the morphology of these cells change and how this relates to the functional 
changes is still under discussion (González-Scarano and Baltuch, 1999). Sheffield et al. (2000) studied the 
differences in microglia associated with seven brain regions, some of which are known to be affected in AD. 
Although differences were observed between brain regions associated with AD and in controls it does not resolve 
the conflict concerning the role of microglia in the pathogenesis of AD. To enhance our understanding of the 
pathogenesis of AD and the role of microglia, it is important to have a robust classification system of these cells 
and morphological features that are define and describe these cells and the changes seen in pathology. By first 
characterising cell morphology using a diverse range of shape features, a complete representation of the cell's 
morphology becomes known. MicroMod provided the means of changing a known set of features that represent 



control images to a set of features representing pathological images. Combining results of the feature analysis 
using fractal analysis, wavelet analysis and lacunarity with clustering analysis can provide us with information of 
which parameters are important in the change to the pathological profile, as well as allowing conjectures on 
functional changes. 

 

3.0 MICROMOD 

MicroMod V 4.1.1 is an L-systems based code written in our laboratory to model branching structures of normal 
and pathological cells using L-systems principles. MicroMod is written in Java using the JavaTM 2 Platform, 
Standard Edition, version 1.4.1.  A full standalone application, it includes a graphical user interface and an 
onscreen display for viewing structures and their growth, and can save generated structures as jpegs (3-
dimensional images or 2-dimensional silhouettes).  MicroMod runs on a variety of platforms using the Java 
Runtime Environment, available without cost from Sun Microsystems.  
 
The source code for generating branching structures in MicroMod is based on recursive L-system principles.  
The fundamental algorithm generates sets of steps (points), each with a common origin and analogous to a single 
cell process.  The algorithm may be called recursively within each set to generate sub-sequences related to the 
immediate parent set.  Thus, at its simplest, it generates a set of points representing a straight line branching into 
a number of straight lines which themselves branch, and so on.    
 
Parameter meaning within code 
branch diameter The starting diameter of each new branch 
No. primary branches The number of primary branches 
extension factor How many steps to move in the same direction (supplements probability of moving 

straight function) 
outer limit The radius from centre at which each path is truncated. 
branching constant If TRUE, use the same number of branch points per run 
r scales diameter The factor to multiply diameter by at each branch point 
taper The taper diameter from start diameter to 1 at end according to number of iterations 
pro-rata sprout length If TRUE, use a number of iterations that is scaled according to how far along the branch 

the branch point is as well as k below 
prob. of branching If a random number is less than this, make a new branch 
prob. of full branching If a random number if greater than this, split current branch into two equivalent 

branches. 
sprouts per location The number of sub-branches to make at the next branch location. 
prob. of continuing a 
direction 

If random number is greater than this, attempt to change the direction. 

k scales length Factor to scale length of next segment. 
step size = 1 The size of the next step 
ovalsize The centre diameter 
soma If TRUE, do not fill the centre area 
rim If TRUE, do not limit the start position, so ovalsize is not important 
numimages The number of images to produce from this model 
size The image dimension 
rendering method If TRUE, render using ovals of diameter drawn at each point 
colour Colour scheme for rendering images 

Table 1. A selection of the most important parameters of MicroMod 
 
In modelling microglia, each set of points, which represents the fundamental skeleton of a cell process, is 
generated and rendered according to several parameters.  The user selects three basic types of features.  Baseline 
features include starting branch diameter and length, number of primary branches, soma area, and rendering 
options (e.g., background colour and whether to watch a structure grow or render it at once).  Scaling features 
include rate of branching, number of sprouts at each branch point, ratios of sub-branch to parent for length and 
diameter, and whether or not to taper a process.  Directional features include probability of continuing in a 
direction (related to the tortuousness of a process), permitted rotation, and length of each step in a set of points.  
 
The program provides several predetermined sets of parameters, which can be adjusted (e.g., using published, 
measured, or estimated parameters) until a desired structure is found. Some of these are described in Table 1.  



Because several parameters (e.g., branching rate) are probabilities, each cell process generated is unique. Thus, 
to explore variation within a cell or compare cells, the user can modify each process of a cell separately or 
generate several cells each using different sets of parameters on a single screen.  Alternatively, to explore overall 
features of a class of structures, the user can generate a group of images modelled using a single set of 
parameters.   
 

4.0 METHODS  

Our approach consists of three steps. First, we used MicroMod to form models of microglia morphology, 
resulting in a number of images that appear similar to those obtained from real (Fig.2) and pathological cells 
(Fig. 3). Second, using only simulated controls we extracted a number of morphology features that we believe 
can be useful in discriminating subtypes of microglia. Third, we applied machine learning techniques to discover 
possible clusters based on these features in the control group. 
 

4.1 Modelling  

We first generated figures using simple L-systems as groups of random walks (analogous to cell processes), 
having set the likelihood of spawning new random walks (sprouts) along their length.  We modelled these 
baseline figures using averages for the number of primary branches and the frequency and scaling of branches 
from real microglia, and then modified features within the software to simulate real cells. 
 
Five sets of parameters were used to simulate the distribution of microglia for normal and pathological cells. The 
prototypes of the cells were taken from a publication by Sheffield et al. (2000) who investigated the changes of 
microglia in Alzheimer's disease (AD). The parameters used in our model were: number of primary branches at 
the origin (p), number of sprouts at each branch point (n), probability of sprouting (ps), sprout starting diameter 
(d), diameter factor (fd) depending on tapering and length of sprout, direction of sprouting (

θ
), and probability of 

changing direction (pd) also known as tortuosity. A simplified L-systems grammar is shown in Table 2. 
 

symbol/ condition new symbol 
start: s1(d,

θ
), s2(d,

θ
), … sp(d,

θ
) 

d: d * fd θ
: 

θ
 + rand() * pd 

if (ps > rand()) b 
b: s1(d,

θ
), s2(d,

θ
), … sn(d,

θ
) 

 
Table 2. A simplified L-systems grammar for the production of microglia. Symbols are described in the text. 
 
Whereas the control cells modelled a selection of plausible configurations based on a range of known parameters 
for healthy brain, the pathological series modelled the transition from slightly activated to activated morphology.   
Three general feature of microglial activation are process thickening and shortening, and soma expansion (Fig 1).  

Figure 1.  Examples of basic branching pattern for simulated control cells (left) and pathological cells (right) 
before applying tortuousness. The pathological cells show thicker and shorter segments, with larger soma (cell 
body). 
 
 

 



4.2 Feature Extraction 

The features chosen for description of the image were fractal dimension, lacunarity, entropy, 2nd moment of 
wavelet coefficients, and curvature, described below. We applied these to the control group.  

The fractal (capacity) dimension can be approximated by applying the box-counting method and reasonably 
approximates the average scaling relationship within an image (Fernandez and Jelinek 2001; Smith et al. 1989). 
The experimenter infers the box-counting dimension (Db) from a plot of the change in log10Nc compared to the 
change in log10c. Here c is approximated by box size-1 and Nc by the number of boxes containing pixels at size c. 
Then Db=slope. If log10(Ncc) is plotted against log10c, Db =1-slope. 

Supplementing fractal measures, we calculated lacunarity (Mandelbrot, 1993), and expressions of the wavelet 
transform. Lacunarity (L1) essentially estimates inhomogeneity or the lack of rotational and translational 
invariance in an image. We calculated L1 from the variation in the number of pixels per box at a given box size 
over the entire image.  That is, L1 was the average over all box sizes of the variance for number of pixels per box 
divided by the mean number per box squared (Smith et al., 1996)  

     L1 = 
xsizesnumberofbo

mean

iance
∑ 







 var

                                       

 

The wavelet transform is a mathematical tool that has previously been used in morphological studies and 
extended to a 2D approach here (Costa and Cesar, 1998). The continuous wavelet transform (CWT ) 

))(,,( xb aT θψ  of a neuron image f(x), with ( )yx,=x  can be defined as: 

( )( ) ( )∫ −ψ=θ θ−
−−

ψψ xxbxxb 21*2/1  
1

))(,,( dfra
a

CaT  (1) 

 

where ψC , ψ , b , θ  and a  denote the normalising constant, analysing wavelet, the displacement vector, the 

rotation angle and the dilation parameter, with *ψ  denoting the complex conjugate. In order to analyse the 

microglial cells, the scale and angle parameters (a  and θ , respectively) are kept fixed for some a priori defined 

values 0aa =  and 0θ=θ . In this paper, we have explored the first derivative of the Gaussian function in order 

to compose a wavelet gradient. From this wavelet three complementary shape features have been defined to 
analyse the cells: 
 
The gradient modulus 2nd order statistical moment 
In order to characterise shape complexity, we have explored the modulus of the wavelet and obtained the 
histogram for a fixed scale value of a and used the statistical moment of order q as a shape complexity measure. 
In the experiments reported in this paper we have adopted the second moment, i.e. q = 2. The 2nd central 
moment is actually the variance of the histogram. Therefore, the more spread the histogram is (meaning that there 
are vectors of all different sides), the larger is the 2nd moment. 
 
The dispersion of the gradient orientation  
The histogram of gradient orientation is analogously calculated from the wavelet transform In order to quantify 
this dispersion, we have adopted the entropy of the orientation distribution. Entropy is a descriptor for 
randomness. The highest entropy value indicates that all elements of the histogram are equal, that is, all wavelet 
gradients tend to the perpendicular orientation in relation to the noticeable growing cell direction. It is a 
meaningful descriptor since it reveals an eventual privileged orientation for cell growth as seen in microglia 
activation. If the cell itself is more elongated in a certain direction, it is expected to obtain a histogram of gradient 
orientations presenting a peak assigned to that specific direction, otherwise it will be observed that all directions 
represented in the histogram will vary around the same value and will tend to be flat. Resuming, the more flat the 
histogram, the greater its entropy.  
 
The 2D curvature 
The 2D curvature is based on the wavelet transforms that compose the gradient vectors. It is a measure of how 
the gradient vectors vary locally. The 2D curvature is defined a series of first and second partial derivatives. 
These partial derivatives are estimated using the 2D wavelet transform in the same spirit described above for the 
gradients. 
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4.3 Machine Learning Techniques 

In this section, we demonstrate new analysis techniques made possible by the modelling tool MicroMod. We 
analysed 38 simulated images produced by MicroMod corresponding to non-pathalogical cells or controls, and 
applied the techniques described above to extract five morphology features from these images. These features 
then formed the basis for an automated clustering. Clustering or unsupervised learning has many applications in 
data analysis. One of the most well known techniques is the k-means clustering algorithm (MacQueen 1967). The 
algorithm begins by placing a number of points at random in the feature space. During each iteration, all records 
in the data set are assigned to the closest of these centres. Each centre is then moved to the arithmetic mean of all 
the points assigned to it. After a number of iterations, the algorithm ends with a number of points representing 
cluster centres. A variation of this, estimation maximization (EM), is used here (Dempster et al. (1977). We used 
the implementation of EM provided in the Weka toolkit (Witten, and Frank, 1999). EM assigns a probability 
distribution to each instance, which indicates the probability of it belonging to each of the clusters. EM decides 
how many clusters to create by cross validation. 
 

5.0 RESULTS 

The modelled cells resembled the real control and pathological microglia they were modelled on in several ways. 
For the pathological series, varying model parameters resulted in a progression akin to changes in real microglia 
and characterized by progressively changing average fractal dimension (see Table 3).  Moreover, the series as a 
whole resembled the population it was modelled on (see Figures 2 and 3). Analysis of variance indicated there 
were no differences between the distribution of the combined modelled set and the distribution of real 
pathological cells (alpha = 0.05, p =0.08). 
 
 P1 P2 P3 P4 P5 P6 
Mean covariance lacunarity 0.47458 0.508895 0.473935 0.49303 0.45863 0.431045 
Mean box counting Df 1.47028 1.43038 1.397345 1.334132 1.321005 1.284685 
       

Table 3.  Simulated Microglial Activation:  Change in complexity at each stage 
 
 

Fig. 2. A selection of real cells, showing normal and pathological types, with the corresponding Fractal 
Dimension 
 
The top row of each set represents typical conformations in pathological brain, and the bottom row of each set 
shows control brain. In both real and pathological cells, coarser outlines generally distinguish microglia in 
pathological brain from those in normal brain. Whereas extensively and often finely branched cells predominate 
in normal brain, more compact and tangled cells populate diseased brain. Round and amorphous forms, a 
hallmark of microglial reaction in pathological brain, rarely occur in healthy people’s brains.  We did not model 
round cells lacking processes  (Fractal dimension is shown along with the profiles). 
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Fig. 3. A selection of simulated cells, showing normal and pathological types, with the corresponding Fractal 
Dimension. 
 
 

 Cluster 0 Cluster 1 Cluster 2 
Attribute Mean StdDev Mean StdDev Mean StdDev 
wavelet 231.1619 36.2955 189.7655 48.5854 151.5092 25.3714 
entropy 5.5579 0.1264 5.6221 0.0691 5.689 0.0056 
curvature 154.8776 2.3516 150.3495 6.6959 150.1073 5.9569 
Df 1.2977 0.027 1.3525 0.0311 1.3943 0.0579 
Lacunarity 0.6196 0.1467 0.4737 0.019 0.5035 0.0499 

Table 4. Results from the clustering algorithm show three distinct clusters. 
 
Results from the clustering analysis of simulated control cells showed three clusters (Table 4). These results 
suggest that there are alternatives to the traditional techniques of determining cell type by visual inspection alone. 
 

6.0 DISCUSSION 

We have demonstrated a new modelling tool, MicroMod, which is capable of generating a wide variety of cell 
types. L-systems modelling provides a means of realistically representing biological form by providing a 
computational grammar that is easily managed and fine tuned. In our modelling experiment we have utilised a 
selection of parameters to realistically model both control and pathological cells. 
 
Using MicroMod we created synthetic microglia with known attributes, which were then classified using 
unsupervised learning tools. The machine learning algorithm used provided three different clusters, representing 
three different cell types. This is an entirely novel classification for microglial cells. We suggest that comparing 
shape parameters such as those listed in Table 4, with the parameters of the L-systems model used to produce 
each image, may provide new insights into growth processes in normal and diseased tissue, and may lead to 
increased understanding of diseases characterised by morphological changes in neural structure. 
 
MicroMod is a modelling tool that facilitates new techniques for the investigation of diseases. This paper 
describes the use of L-systems modelling and mathematical morphology analysis combined with machine 
learning techniques, as a useful set of tools for developing a more complete knowledge base about microglia in 
normal and pathological human central nervous system. We have demonstrated new possible analysis techniques 
for microglia, which could be applied to many other fields where branching structures are involved.  
 
 

REFERENCES 

Ascoli, G. A. (1999). “Progress and perspectives in computational neuroanatomy.” The Anatomical Record 257: 
195-207. 



Badie, B. and J. Schartner (2001). “Role of microglia in glioma biology.” Microscopy and Research Technology 
54: 106-113. 

Bayer, T. A., R. Buslei, et al. (1999). “Evidence for activation of microglia in patients with psychiatric illnesses.” 
Neuroscience Letters 271: 126-8. 

Behar, T. N. (2001). “Analysis of fractal dimension of O2A glial cells differentiating in vitro.” Methods 24(4): 
331-339. 

Bock, W. J. (1974). “Philosophical foundations of classical evolutionary clasification.” Systems Zoology 22(375-
392). 

Cesar-Jr, R. M., R. C. Coelho, et al. (1996). Automatic classification of retinal ganglion cells. II Workshop on 
Cybernetic Vision, São Carlos, Sp. Brazil, IEEE Computer Society Press. 

Costa, L. F. and R. M. Cesar Jr. (2001). Shape Analysis and Classification: Theory and Practice, CRC Press. 

Costa, L. F. and T. J. Velte (1999). “Automatic characterization and classification of ganglion cells from the 
salamander retina.” The Journal of Comparative Neurology 404: 33-51. 

Dempster, A. P., Laird, N. M., and Rubin, D. B. (1977) `Maximum Likelihood from Incomplete Data via the EM 
Algorithm', Proc. R. Stat. Soc. B, 39(1), 1-38.  

Elston, G.N. and Jelinek, H.F. (2001) Pyramidal neurons in the visual cortex of the New World marmorset 
monkey (Callithrix jacchus). A study of dendritc branching patterns with comparative notes on the Old Word 
macaque monkey (Macaca Fasicularis). Fractals, 9(3):297-304. 

Fernandez, E. and H. F. Jelinek (2001). “Use of fractal theory in neuroscience: methods, advantages, and 
potential problems.” Methods 24: 309-321. 

González-Scarano, F. and Baltuch, G. (1999) Microglia as mediators of inflammatoryand degenerative diseases. 
Ann Rev. neurosci. 22:219-240. 

Jelinek, H. F., R. M. Cesar-Jr, et al. (2002). “Automated morphometric analysis of the cat retinal alpha/Y, beta/X 
abd delta ganglion cells using mathematical morphology.” Visual Neuroscience submitted. 

Koch, C., T. Poggio, et al. (1982). “Retinal ganglion cells: a functional interpretation of dendritic morphology.” 
Phil. Trans, R. Soc. Lond. B. 298: 227-264. 

Lindenmayer, A. (1968). Mathematical models for cellular interactions in development i & ii. Journal of 
Theoretical Biology.  

MacQueen J. 1967 Some methods for classification and analysis of multivariate observations. Proceedings of the 
5th Berkeley Symp. Math. Statist. prob., 1L281-297. 

Mandelbrot, B.B. (1993) Fractals, lacunarity and how it can be tuned and measured. In: Fractals in biology and 
medicine, Eds: Nonnenmacher, T F, Losa, G.A., Weibel, E.R. Birkhäuser Verlag, Boston. pp. 21-28 

Mulchandani, K. (1996). Morphological modeling of neurons. Master's thesis, Texas A&M University, College 
Station, TX. 

P. Prusinkiewicz and A. Lindenmayer. The Algorithmic Beauty of Plants. Springer, 1990.  

W. Rall. (1977). Core conductor theory and cable properties of neurons. In E. R. Kandel, editor, Handbook of 
Physiology (Sect. 1): The Nervous System I. Cellular Biology of Neurons, pages 39--97. American 
Physiological Society, Baltimore, MD. 

Sheffield, L.G., Marquis, J.G. and Berman, N.E.J. (2000) Regional distribution of cortical microglia parallels 
that of neurofibrillary tangles in Alzheimer's disease. Neurosci. Lett. 285: 165-168. 

Smith, T. G., W. B. Marks, et al. (1989). “A fractal analysis of cell images.” Journal of Neuroscience Methods 
27: 173-180. 

Smith TG Jr, Lange GD, Marks WB, Fractal methods and results in cellular morphology--dimensions, lacunarity 
and multifractals.  J Neurosci Methods. 1996 Nov;69(2):123-36. 

Tyner, C. F. (1975). “The naming of neurons: application of taxonomic theory to the study of cellular 
populations.” Brain, Behaviour and Evolution 12: 75-96. 

Witten, I.H. and Frank, E.: (1999). Data Mining: Practical Machine Learning Tools and Techniques with Java 
Implementations. Morgan Kaufmann  


	PID 6595 cover
	PID6595.pdf

