
By

Dr. Sos Agaian

Stephen McClendon

ECE

Dr. Fidel Santamaria

Dept. of Biology

Shape Adaptive Transforms for 3D Image Representations 

Modeling, Processing and Pattern Recognition with 

Applications to Biological Sciences:

Neuronal identification and visualization system



Neuronal identification and visualization system

Why we need Purkinje Cell Research

1. In humans, Purkinje cells are affected in a variety of diseases including
• Toxic exposure (alcohol, lithium)
• Autoimmune diseases (Crohns, Graves’ and Hashimoto’s Diseases)
• Genetic Mutations (Spinocerebellar ataxias, Autism)
• Neurodegenerative diseases that are not thought to have a known genetic

basis (Sporadic Ataxias)
• Genetically Heterogeneous diseases (Hermansky–Pudlak Syndrome

(HPS) is a disease with a wide range of physiological abnormalities,
including loss of visual acuity, prolonged bleeding times and early death
caused by fibrotic lung disease

2. Dendritic spines play a key role in many neurological diseases including
• Alzheimer’s disease
• Parkinson’s disease

Continuing research on Purkinje Cells can aid in slowing down the progression
of these diseases and conditions as well as hopefully one day discovering a
cure for them.



Background: Neurons are the fundamental 

computational unit in the brain
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Abstracting a neuron
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Hypothesis

The shape of a neuron determines its function

http://www.mind.ilstu.edu/curriculum2/neuro/neuron_1.html



Purkinje cells are one of the 
most complex cells in the brain



The cerebellum



The cerebellar cortex



The brain



Purkinje cells

2-photon microscopy 



How do we visualize live Purkinje 

cells? 

http://online.physics.uiuc.edu/
courses/phys598OS/fall05/final

_report.html
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Limitations
Most semi-automated methods to generate 

structural models of neurons are based on 

confocal microscopy images and approximate the 

structure of dendrites as concatenated cylinders

Two major limitation of this common approach is 

the inability to capture 

– The intricate changes in diameter and shape 

at very small scales (see Figure), 

– The inability of incorporating the structural 

reconstruction during an experiment. 

Tasks:  One needs a technique that may 

identify/generate structural models of neurons in 

3D that will capture their architectural properties 

at multiple spatial scales.

3/25/2010



Use of structural models
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Elaborate diagram of ball and cylindrical model



Existing software

Most programs transform dendrites into cylinders

 Dendritic morphology more complex than simple step-

like cylinders

 Physiological dendrites consist of gradual tapering 

with bending, variations in diameter (varicosities), and 

undefined branching parameters

 Integrate and fire function commonly used

Examples of software commonly used:

Neuron, Genesis, and ImageJ

More information about Neuron, Genesis



ImageJ –we will use it for comparisons purposes and 3D rendering

*http://rsbweb.nih.gov/ij/docs/intro.html

ImageJ is a public domain Java image processing program inspired by NIH Image. It runs, either as an online 
applet or as a downloadable application, on any computer with a Java 1.4 or later virtual machine: 

It can display, edit, analyze, process, save and print 8-bit, 16-bit and 32-bit images. 
It can read many image formats including TIFF, GIF, JPEG, BMP, DICOM, FITS and "raw". 
It supports "stacks", a series of images that share a single window. 
It is multithreaded, so time-consuming operations such as image file reading can be performed in
parallel with other operations. 



Use of images

• Analyze experiments

– Fluorescence correlation spectrocopy

– Diffusion

• Base to build models

– Biochemical

– Electrical 

• Base for future studies on aging

– How does the structure of Purkinje cell vary with 

aging



Our main objective 

is to develop new computationally effective tools (methods, algorithms, GUI) to 

create compact representations, model, process, perform pattern recognition and 

visualization of 3D images acquired from biological systems.

Tasks: 

• Develop and use shape adaptive series representation to generate structural models 

of neurons that can be used to simulate their biochemical and electrophysiological 

activity; 

• Generate accurate computer simulation descriptions of cellular morphologies that 

can be used to model quantitative and qualitative effects of dendritic structure on 

their biochemical and electrical properties and 

• Generalize the methodologies developed to be applicable over a broader range of 

problems in the biological sciences.
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Task – Quantitative Modeling of Dendritic

Structure

In order to understand how neurons process information

1) it is necessary to model their spatial and temporal properties.

2)it is necessary to generate computational tools to 

– extract the shape of neurons from large and multiple 3D stacks, 

– classify the structure of a neuron into soma, dendrites, branches, sub-

branches, and spines, 

– generate a computer platform to perform this analysis fast and accurately 

so it could be incorporated in experiments.
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Block diagram to create 3D image representations, models, 

visualization, and pattern recognition with applications to 

biological sciences.
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Original Purkinje Cell Image Slices

Purkinje 14 Purkinje 21 

Purkinje 28 

These are 3 out of the 51 original 
Purkinje Cell slices. 

Original slices were 512 x 512 . Each 
slice was ~0.7 microns thick. 

These 3 slices will be used as examples 
to follow the Purkinje Cell 
Identification and Visualization 
System from beginning to end.



3D Purkinje Cell Visualization and Analysis

The ability to visualize in 3D a single Purkinje Cell is important to scientists so that they may better
understand and analyze how these neurons behave and interact with other biological structures.

There are several programs that can create a 3D rendering from image slices, including 3D Slicer, Matlab 3D
Toolbox and ImageJ inspired by NIH Image.

Most 3D programs do not excel at
enhancing regions within the 3D
rendering.

One major problem is that when
enhancing each slice the noise will also be
amplified.

A system was needed to process the
Purkinje Cell Slices and remove slice
noise but still maintain the edge and
structure details as well as bring out
hidden dendrite branches.

The Neuronal Identification and
Visualization System was designed to
address this problem.
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Spline Interpolation*

Given n+1 distinct knots xi such that:

with n+1 knot values yi find a spline function

with each Si(x) a polynomial of degree at most  n. 

*http://math.missouristate.edu/assets/Math/Spline.ppt



Increase Image Resolution

Original Purkinje 14 Increased Resolution Purkinje 14

Original resolution of the Purkinje cell 
slice was 512x512 and increased 

resolution is now 1024x1024.

Images are displayed at 40%

Resolution -the ability to 

distinguish

details in an image

Resolution of an image depends on: number of pixels on the sensor,

optics, and processing in the microscope 



Increase Image Resolution

Original Purkinje 21 Increased Resolution Purkinje 21

Original resolution of the Purkinje cell 
slice was 512x512 and increased 

resolution is now 1024x1024.

Images are displayed at 40%



Increase Image Resolution

Original Purkinje 28

Increased Resolution Purkinje 28

Original resolution of the Purkinje cell 
slice was 512x512 and increased 

resolution is now 1024x1024.

Images are displayed at 45%
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DCT  Based Global Image Enhancement Algorithm 

The 2D Discrete Cosine Transform is written as:
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Inverse 2D Discrete Cosine Transform is written as:
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Image Enhancement: Measure of Performance

An important step in direct image enhancement approach is to create a suitable image 

enhancement measure.

The improvement found in the resulting images after enhancement is often very difficult to 

measure. Problem:  we don’t have a reference image

This problem becomes more apparent when the enhancement algorithms are parametric and 

one needs: 

a) to choose the best parameters; 

b) to choose the best method  among class of methods 

c)  to automate the image enhancement procedures. 

The problem becomes especially difficult when an image enhancement procedure is used as 

a preprocessing step for other image processing purposes such as object detection, 

classification, and recognition.

We  have used the image enhancement measure (Agaian ) which uses some of the elements 

of the human visual system (Weber–Fechner law)



Choosing the Optimal Alpha (α) Parameter

The proper Alpha (α) value for each slice is selected using the EME measure of enhancement graph. The local
minima and maxima of the graph indicate α values that improve contrast within each slice.

EME measure of 
enhancement

Let an image x(n,m) be split into k1k2 blocks wk,l(i,j) of sizes l1 x l2 where Imin; k,l(Ф) and Imax; k,l(Ф) respectively
are the minimum and maximum of the image x(n,m) inside the block wk,l after processing the block by Ф
transform based enhancement.

2 1
max; ,

1 11 2 min; ,

( )100
( ) 20log

( ) 

wk k
k l

w
l k k l

I
EME

k k I

We chose block sizes of 5 x 5 and 7 x 7
and plotted the corresponding EME
measure of enhancement graph.

Alpha values of 0.89, 0.69 and 0.6 were
selected to globally enhance each slice.



DCT Global Image Enhancement 

Original Purkinje 21

Purkinje 21  α=0.89 Purkinje 21  α=0.6Purkinje 21  α=0.69

Based on the EME measure of
enhancement graph, Alpha values
of 0.89, 0.69 and 0.6 were utilized
to globally enhance each slice.

0.89 was ultimately selected as the
best α value because it did not
over enhance the noise, thus
allowing for its removal during
the next phase of the Purkinje Cell
Image Enhancement System.



Global Image Enhancement

The basic limitations of the transform-based 

image enhancement methods are:

• they may introduce artifacts ; 

• they cannot simultaneously enhance all parts 

of the image very well; 

• it is difficult to automate the image 

enhancement procedure.

3/25/2010
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Non Linear Diffusion Filtering*

Non linear diffusion (NLD) filtering removes high-frequency noise while avoiding the blurring and
localization problems of linear Gaussian smoothing and also preserves structure boundaries.

Convolving an image with a Gaussian filter :

with standard deviation     , is equivalent to the solution of the diffusion equation in two dimensions

2 2
2

2 2
, , ( , , ) ( , , ) ( , , )I x y t I x y t I x y t I x y t

t x y

0( , ,0) ( , )I x y I x y

where I(x,y,t) is the two-dimensional image I(x,y) at time               , with initial conditions I(x,y,0)=I0(x,y),   
where I0 is the original image . In a general form, this can be written as  

, , ( , , ) ( , , )I x y t c x y t I x y t
t

where c(x,y,t) is the diffusivity of the equation,     is the gradient operator,       is the divergence operator and 
x,y are image pixel coordinates.

Two of the most important user defined parameters of NLD filtering are     , the standard deviation of the 
Gaussian which will be convolved with the image before the gradient is calculated and the steps/iterations, 
which indicates the number of iterations to be performed. 
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*Perona and Malik 1987, Black and others 1998, Weickert and others 1998



Non Linear Diffusion Filtering

Purkinje 14 Original Purkinje 14 Iterations = 5

Purkinje 14  Iterations = 20 Purkinje 14  Iterations = 30 

Purkinje 14 Iterations = 10 

Purkinje 14 Iterations = 50 

Sigma = 8 Sigma = 8Artificially Colored 



Non Linear Diffusion Filtering

Purkinje 14 Original Purkinje 14 NLD Filtered 1 

Purkinje 14 Original Purkinje 14 NLD Filtered 1 

Purkinje 14 NLD Filtered 2 

Purkinje 14 NLD Filtered 2 

Sigma = 8   Iterations = 30 Sigma = 12   Iterations = 25Artificially Colored 

Experimentation shows that Sigma=8 and 
Iterations= 30 produces the best results 



Purkinje 21 Original Purkinje 21 NLD Filtered 1

Purkinje 21 Original Purkinje 21 NLD Filtered 1 

Non Linear Diffusion Filtering

Purkinje 21 NLD Filtered 2

Purkinje 21 NLD Filtered 2 

Sigma = 8   Iterations = 30 Sigma = 12   Iterations = 25Artificially Colored 

Experimentation shows that Sigma=8 and 
Iterations= 30 produces the best results



Purkinje 28 Original Purkinje 28 Filtered 1  

Purkinje 28 Original Purkinje 28 Filtered 1 

Non Linear Diffusion Filtering

Purkinje 28 Filtered 2  

Purkinje 28 Filtered 2 

Sigma = 8   Iterations = 30 Sigma = 12   Iterations = 25Artificially Colored 

Experimentation shows that Sigma=8 and 
Iterations= 30 produces the best results



Non Linear Diffusion Filtering

• Advantages:

• Limitations:

3/25/2010



DCT Image Enhancement and Non Linear Diffusion Filtering

In the Purkinje Cell Image Enhancement System it was found that 3 iterations of DCT Global Image
Enhancement with an Alpha value of 0.89 performed the best.

In order not to over amplify the noise in each Purkinje Cell slice, the first 2 iterations of DCT Global Image
Enhancement were followed by Non Linear Diffusion (NLD) Filtering.

Purkinje 21 Original 0.89 DCT Enhanced 

2X 0.89 DCT Enhanced
& NLD Filtered 

3X 0.89 DCT Enhanced
& 2X NLD Filtered 

Advantages:

Limitations:
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Traditional Local Image Enhancement

Name Definition References

Local Mean Chang and Wu 1998

Local 

Variance
Chang and Wu 1998

ACE 

Algorithm
Lee 1980

CG ACE Lee 1980

LSD ACE Narendra and Fitch 1981
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3D Original Front
3D Contrast Gain Adaptive Contrast 

Enhancement Front

3D Local Standard Deviation 

Adaptive Contrast Enhancement 

Front

Traditional Local Image Enhancement Performance 

Traditional adaptive contrast enhancement (ACE) was initially used for the slice enhancement but it left much to
be desired. For example: show on picture
As a result, an image enhancement method was developed to produce improved results and assist in generating
better skeletonization.



Pixel Switching Concept Based Purkinje Cell Image 

Enhancement



Globally Enhanced, NLD Filtered and Locally Enhanced Slices

Purkinje 14 Original 

Purkinje 28 Original 

Purkinje 14 DCT Enh.,
NLD Filtered & Local Enh. 

Purkinje 21 DCT Enh., 
NLD Filtered & Local Enh.. 

Purkinje 28 DCT Enh., 
NLD Filtered & Local Enh. 

Purkinje 21 Original 
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3D Original 3D  NLD Filtered & Locally Enhanced Front 

3D Still Images

Initially, the Purkinje Cell Identification and Visualization System did not include a DCT Based Global
Enhancement phase. The original images were de-noised using NLD Filtering and then Locally Enhanced
using our algorithm. Below is the product of this system.



3D Original 3D  NLD Filtered & Locally Enhanced Back 

3D Still Images



3D Visualization

3D  NLD Filtered & Locally Enhanced 



3D  NLD Filtered & Locally Enhanced Front 

3D Still Images

In the present Purkinje Cell Identification and Visualization System a DCT Based Global Enhancement
phase was inserted and cascaded with NLD Filtering before the Local Enhancement phase. Below is the
product of this system.

3D  Globally Enhanced, NLD Filtered & Locally Enhanced Front 



3D  NLD Filtered & Locally Enhanced Back 

3D Still Images

3D  Globally Enhanced, NLD Filtered & Locally Enhanced Back 



3D Visualization

3D  Globally Enhanced, NLD Filtered & Locally Enhanced 
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2D Binary Skeletonization*

Skeletonization is the "thinning" of a binary image or silhouette to a one-pixel width spine.

A point on the skeleton sits at the center of a circle that touches the edge of the figure at multiple points.

The intensity in the gray-level skeleton image is based on the shortest distance you would have to travel
around the perimeter of the figure to connect the most distant two points.

* http://maven.smith.edu/~nhowe/research/code/

Original Image Skeleton

Why one needs a 

Skeletonization



Purkinje Cell Binary Skeletonization

3D Original Front 3D CG ACE Front 3D LSD ACE Front 3D Proposed Method 

Front  



Purkinje Cell Binary Skeletonization

3DOriginal Back 3D ACE Back 3D LSD ACE Back 3D Proposed Method 

Back



New Challenges: 

1. Develop a microscope based image de-

nosing algorithms.

2. Integrate two image processing 

procedures  such as  image enhancement 

and image de-nosing

3. Develop a shape adaptive image 

enhancement  and de-nosing algorithms

3/25/2010



Original 3D 

reconstruction 

Algorithm -filtered  3D

reconstruction

3D Comparison 



Original 3D 

reconstruction 

Algorithm-filtered  3D

reconstruction

3D Hippocampal Pyramidal Cell Image 



3D Hippocampal Pyramidal Cell Image 

Original 3D 

reconstruction 
Algorithm-filtered  3D

reconstruction



Other Applications: Hippocampal Pyramidal Cells*

*http://en.wikipedia.org/wiki/Hippocampus_anatomy & 
http://www.stanford.edu/group/maciverlab/hippocampal.html

Pyramidal neurons (pyramidal cells) are a type of neuron found in areas of the brain including cerebral cortex,
the hippocampus, and in the amygdala. Pyramidal neurons are the primary excitation units of the mammalian
prefrontal cortex and the corticospinal tract. Since then, studies on pyramidal neurons have focused on topics
ranging from neuroplasticity to cognition.



Original Hippocampal Pyramidal Cell Image Slices

Pyramidal 24 Pyramidal 36 

Pyramidal 46 

These are another 3 Pyramidal Cell 
slices out of the 69 original slices. 
Original slices were 512 x 512 . Each 
slice was ~0.7 microns thick. 



Original Hippocampal Pyramidal Cell Image Slices

Pyramidal 6 Pyramidal 13 

Pyramidal 20 

These are another 3 Pyramidal Cell 
slices out of the 34 original slices. 
Original slices were 512 x 512 . Each 
slice was ~0.7 microns thick. 



Shape Adaptive Transforms

• Develop Global and Local 

Representation Systems for 3D Images:

• Develop Shape Adaptive Transforms
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Vertical Shift  

Vertical Transform  Horizontal Shift  Horizontal Transform  



• We want to only transform a specified region in an image.

• Consider transformation of the red region below:

Shape Adaptive Discrete Cosine Transform 

• Shift region left:

• Horizontal DCT • Vertical Shift:

• Vertical DCT:



Conclusions and Future Work

We have developed several image processing bio-imaging tools including

Spline Interpolation- to increase Image resolution.

Global parameterize global image enhancement method

Image Enhancement measure of t to select the proper parametr

Local Image Enhancement algorithm -to enhance each slice

ImageJ was used to stack all 51 Purkinje Cell slices and create a 3D rendering for

better viewing.

2D Contour-Pruned Skeletonization was performed to help visualize the dendrite

branches.

Upcoming work includes implementing

• a technique to accurately identify and detect spines on the dendrites allowing for measuring

spine length, volume, radius and other morphological features.

•The 3D shape adaptive discrete orthogonal transforms to segment the Purkinje Cell for

better analysis of morphological features.



Questions,

Comments,

Please 
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