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Introduction

• Representation of digital images in the computer

• Synthetic images

• Simple image manipulations

• Binary segmentation 

• Thresholding, Otsu segmentation

• Erosion and dilation

• Labeling 

• Noise reduction (denoising)

• Noise models: Gaussian, Salt & Pepper

• Denoising by morphological mean and median



Erosion and Dilation (reminder)
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Assume features in the foreground are bright and background is dark.

• Erosion - the removal of pixels from the periphery of features.

• shrinks foreground areas, and holes grow.

• Dilation - the addition of pixels to the periphery of features.

• enlarges foreground areas, and holes shrink.

• Like segmentation, these operators are often used to pre-process or post-process 

images to facilitate analysis (as we will see later).

ErosionDilationOriginal



Neighborhood (reminder)
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• Neighborhood (or environment) of a pixel (x,y) is the set of all pixels close to it.

• For example, a 3x3 square neighborhood:

• More generally, a neighborhood commonly considered is a (kx, ky)-rectangle:

(2kx+1)-by-(2ky+1) rectangle of pixels centered at (x, y).

(when kx = ky = 1 we get a 3x3 square)

• Even more generally, a neighborhood can take any contiguous shape.
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Abstract Morphological Operator (reminder)

• Since erosion and dilation differ only in the function they invoke, a good 

approach would be to implement an abstract morph_operator function:
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Abstract Morphological Operator

• Since erosion and dilation differ only in the function they invoke, a good 

approach would be to implement an abstract morph_operator function:
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…



Abstract Morphological Operator

• Since erosion and dilation differ only in the function they invoke, a good 

approach would be to implement an abstract morph_operator function:

def erosion(im, kx=1, ky=1):

return morph_operator(im, min, kx=1, ky=1)

def dilation(im, kx=1, ky=1):

return morph_operator(im, max, kx=1, ky=1)

def morph_operator(im, op, kx, ky):

''' apply operator op on every pixel of im

with a neighborhood of kx and ky '''

...

A function!
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Labeling for Cell Quantification

• How many cells are in this image?

• Approximate result coming soon…
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Labelling

• A.k.a connected-component labelling.

• The goal is to detect contiguous regions and label them.

• Labels can be integers, for example:

• Note that in this example, regions are considered contiguous only if they are 

connected horizontally or vertically (not diagonally).

Background is labeled 0, 

Contiguous “objects" are labeled 1-5
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Labelling with Python’s Scipy

• Scipy (pronounced “Sigh Pie”) is a very common Python package, used for 

various scientific tasks.

• It relies on another package called numpy (pronounced “Noom Pie”).

• Installation is required for both: http://www.scipy.org/scipylib/download.html

• Scipy contains a function named label:

• Relates to any zero value pixel in the image as the background. 

Non-zero values in the input image are the "features" or "objects"

• Starts from every non-zero pixel, spreads out to the neighbors of that pixel 

horizontally and vertically, until object boundaries are reached in all 

directions (so the whole object is "covered").

• The objects are labeled using the integers 1,2,3,…
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http://www.scipy.org/scipylib/download.html


Labelling with Python’s Scipy
from scipy.ndimage.measurements import label

>>> mat =[[  0,255,255,  0,  0,  0],

[  0,255,255,  0,255,  0],

[  0,  0,255,  0,  0,  0],

[  0,255,  0,  0,  0,  0],

[255,255,255,  0,  0,255],

[  0,255,  0,255,  0,255] ]

>>> labeled_array, num_features = label(mat)

>>> num_features

5

>>> labeled_array

array([[0, 1, 1, 0, 0, 0],

[0, 1, 1, 0, 2, 0],

[0, 0, 1, 0, 0, 0],

[0, 3, 0, 0, 0, 0],

[3, 3, 3, 0, 0, 4],

[0, 3, 0, 5, 0, 4]])
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Labeling Issues

• Knowing how the labeling algorithms works allows us to adapt it to our 

needs. For example:

How many labels would Scipy’s label function detect in the yellow, green 

and red circles?

Possible solution - dilate the image first:

Now each “feature” will be counted as 1.

After dilation
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Labeling Issues (cont.)

• Issues in quantification that may cause over- or under-counting:

• Cells that grow in clusters, or overlap.

• Image may contain noise

• Image may be non-uniform in brightness (e.g. one part of the image is 

brighter than another due to technological constraints related to the way 

the image was taken).

• More than one type of cells

Source: Martin, M.D., Phase contrast image of germinating spores of 

a non-pathogenic clostridia that grows at low temperatures. 2013.
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Noise Reduction (Denoising)
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Noise
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• Microscopes and digital cameras (as well as traditional film cameras) are 

susceptible to noise formation. 

• Noise sources include flecks of dust inside the camera, faulty sensors or 

recording elements, the deviation of electrons from their original path (a 

phenomenon called electron hiss), etc.

• A basic model for noise:

at any pixel (x,y) the observed value S(x,y) equals the sum of the “true” value 

I(x,y) plus some noise N(x,y).

S(x, y) = I(x, y) + N(x, y)

• The goal of noise reduction, or denoising algorithms, is to produce a new image, 

which should be as close as possible to the original image I.

• Note that the values I(x,y) are not known to us! All we have is S(x, y).



Noise and Denoising

16

• Denoising cannot be achieved without making any assumptions on the image 

and on the noise.

Explanation via an example:

Your lecturer will now choose a number I between 0 and 255.

Then he will choose another number N in the same range, 

and compute (I+N)%256. 

Then he will tell you the result: 

Can you find what the original number I was, at least with high probability?

And if you also know that N ∈ {1,2,3} ?

• There are noise models that allow us to reconstruct either exactly the original 

value, or values very close to it. Other noise models may completely "erase" the 

original data, leaving no hope of recovering it even partially.



Noise and Denoising Models
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• We will assume the image is piecewise smooth.

• 2 very basic noise types:

1. Salt and Pepper noise

2. Gaussian noise

• 2 basic denoising approaches, based on morphological operators:

• Local means (operator = average)

• Local medians (operator = median)

Other, non-local methods, consider farther parts of the image.



Salt and Pepper Noise Model
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def add_SP(im, p):

out_im = im.copy()

in_pix = im.load()

out_pix = out_im.load()

w,h = im.size

for y in range(h):

for x in range(w):

rand = random.random()

if rand < p:

if rand < p/2:

out_pix[x,y] = 0

else:

out_pix[x,y] = 255 

return out_im

50:50 chance for 
black or white
(symmetric model)

• Extreme bursts of light and dark disturbances appear in the image at random and 

independently.



Gaussian Noise Model

19

def add_gauss(im, sigma):

''' Generates Gaussian noise with mean 0 and SD sigma.

Adds indep. noise to pixel, keeping values in 0..255'''

out_im = im.copy()

in_pix = im.load()

out_pix = out_im.load()

w,h = im.size

for y in range(h):

for x in range(w):

noise = round(random.gauss(0,sigma))

out_pix[x,y] = min(max(in_pix[x,y] + noise, 0), 255)

return out_im

Returns a number from a Gaussian distribution with 
expected value 0 and standard deviation sigma

• Each pixel in the image is changed from its original value by a small amount, which 

is distributed normally.

• In particular, small deviations from the original value are more likely than large ones.

http://en.wikipedia.org/wiki/File:Standard_deviation_diagram.svg
http://en.wikipedia.org/wiki/File:Standard_deviation_diagram.svg


Noise Examples
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original add_gauss(im, 20)               add_SP(im, 0.01)



Local Approaches to Denoising

21

• Local means: replace pixel at [x,y] by the average (mean) of its neighborhood.

a.k.a “smoothing filter”.

• Local medians: replace pixel at [x,y] by the median of its neighborhood.

a.k.a “median filter”.

• Both are synchronous.

• Which approach would you choose for which noise type?

255 254 254

254 255 253

253 253 252

255 254 254

254 0 253

253 253 252

noise

255 254 254

254 253 253

253 253 252

255 254 254

254 225 253

253 253 252



Example: Cleaning S&P
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original                                           Noisy

local means (3X3)

local medians (3X3)

1% S&P



A Biological Example
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original                  20%  S&P                       local means (3X3)        local medians (3X3)



Local Approaches – Pros and Cons
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• Local medians:

Not sensitive to extreme outliers (will reduce S&P noise)

Preserves sharpness of edges

Eliminates small, fine features

• Local means:

Somewhat faster than local medians

Reduces SD (so will reduce Gaussian noise).

Blurs the image

Sensitive to extreme outliers



Denoising – the Code
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def mean(lst):

return round(sum(lst)/len(lst))

def local_means(im, kx=1, ky=1):

return morph_operator(im, mean, kx, ky)

def median(lst):

return sorted(lst)[len(lst)//2]

def local_medians(im, kx=1, ky=1):

return morph_operator(im, median, kx, ky)

def morph_operator(im, op, kx=1, ky=1):

''' apply operator op on every pixel of im

with a neighborhood of kx and ky ''‘

...

the 
operator

the 
operator



Detour: GUI
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• GUI – graphical User Interface

We introduce a GUI written in Python, which includes all the image operations 

learned in this course.

• This tool enables "playing" with images more fluently by clicking buttons and 

defining parameters in text boxes, rather than running code directly from IDLE.

• You will first have to install a Python 

package called swampy (see 

http://www.greenteapress.com/thinkpy

thon/swampy/)

• More details at the end of this 

presentation.

http://www.greenteapress.com/thinkpython/swampy/


Weighted Local Means

27

• Uniform averaging over the whole neighborhood, as discussed before, can be 

expressed as the matrix dot product:

• A common variant puts more weight close to the center, for example:

• Other weights matrices (a.k.a filters or masks) are used for  various goals. 
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A Glance to Non-Local Approaches
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• Most natural images have a high degree of redundancy. Specifically, this means that 

for most small windows in the original image, the window has many similar windows 

in the same image.

Gaussian noise Local means Non - local means (NLMEANS)

• The window centered at p is similar to the one centered at q, but not to the one at r.
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• The following correspondence was extracted from:

http://www.mathworks.com/matlabcentral/fileexchange/27395-fast-non-local-means-1d--2d-color-and-3d

This function NLMF performs Non-Local Means noise filtering of 1D signal, 2D grey/color or 

3D image data. The function is partly c-coded for cpu efficient filtering. Suitable for almost 

every image data type such as MRI, CT and normal photos.

Warning !, Image filtering removes noise, but important (medical) details can also be lost, (see 

discussion in comments). 

Fast Non-Local Means 1D, 2D Color and 3D

by …

28 Apr 2010

Reflection
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This debate went on in several additional posts.

So, who’s responsible for accurate and informative image (or more generally, data) analyses? 

Dear …,

I gave this a 2 - star because it is completely false advertisement to say that this is suitable 

for almost every type of image, especially medical images. I would hope that a doctor doesn't 

miss some lesion because your code filtered it out. You should really not try to sell this as 

more than it is. I know that NLM is a powerful denoising algorithm but it has its limitations. 

Firstly, I would certainly hope that you know something about medical images, such as MRI 

and CT, to be making such claims. If you don't then you shouldn't be making them. I can 

certainly tell you from my first hand knowledge that it can cover up lesions (just look at the 

example picture you posted - nearly all the anatomic detail is gone!)

…

Dear …,

You are right this noise filter can remove small MS lesions in MRI or other important small 

structures such as calcification's.

But this is the problem with all filtering algorithms, from simple Gaussian filtering to 

Anisotropic Diffusion Filtering.

There are 100+ papers using NL-means on Medical Data, thus my claim seems justified.

Reflection
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Reflection (2)

• Some image processing tasks still require human intervention,

and thus are not fully automatic. 

• One of the reasons for that is the high diversity in imaging technology. 

For example, fluorescence microscopy produces images very different in nature 

from MRI images. 

• Another reason is the high diversity in image content: an edge detection 

algorithm may work well on elongated shapes, but less so on round or elliptic 

ones, etc.
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Reflection (3)

• Image processing goes way beyond the fundamental operations 

introduced in this chapter. 

• One example is the problem of tracking: locating moving objects in consecutive 

images taken over time (e.g. video frames). 

• Especially difficult when the objects are moving fast relative to the frame rate, 

when the tracked objects change orientation or shape over time, disappear from 

the frame, or divide into several objects (e.g. cell division).
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Reflection (4)

• Modular software design

• prevents code duplication

• allows easier testing

• allows parallelization of development

• Often includes high-order functions (functions that operate on other 

functions)

Local 
medians

Dilation

Morphological 
operator

Erosion
Local 

means

Edge 
detection

minus

Matrix 
operator

…

uses…

special 

case of…

special 

case of…

Noise 
reduction

uses…
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Reflection (5)

• We used Python's Pillow imaging package, as well as the Scipy package. 

• These packages contain many more functionalities than we exposed here, and 

there are other packages as well. 

• Fortunately, these all have a rich and informative documentation, as well as 

supporting forums, and thus are relatively easy to learn and use. 

• Obviously, some well-known existing tools, such as Photoshop and others, 

enable many image processing tasks to be performed without writing a single 

line of code. However, this course aims at exposing you to the interiors of the 

digital image world. In addition, the commercial tools and packages may lack the 

specific functionality that one may need to solve a specific problem.



Appendix 1: Installing swampy for Python 3
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• Download Swampy for Python 3:

http://www.greenteapress.com/thinkpython/swampy/swampy-2.1.5.python3.zip

• Unzip this file into python’s “site-packages” directory, for example: C:\Python34\Lib\site-packages

• Now you should have a directory  …\Lib\site-packages\swampy-2.1.5

• Change its name from “swampy-2.1.5” to “swampy”

• Open the shell (IDLE), and run the following commands to check that Swampy is working:
>>> import tkinter

>>> from swampy.Gui import *

>>> g = Gui()

>>> g.mainloop()

• If you see a window like this then the installation worked:

• For those who wish to know swampy and its capabilities in more depth, see the tutorial at: 

http://www.greenteapress.com/thinkpython/html/thinkpython020.html

http://www.greenteapress.com/thinkpython/swampy/swampy-2.1.5.python3.zip
http://www.greenteapress.com/thinkpython/html/thinkpython020.html


Appendix 2: Tiling Images
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def join(*images):

''' Join several images horizontally for easy display.

Assume all images are of the same size 

The * before the parameter means a variable number of parameters '''

w,h = images[0].size

n = len(images) #number of images

new = Image.new('L',(w*n+n,h), 'white') #+n for some space between images

for i in range(len(images)):

new.paste(images[i], (w*i+i,0)) #+i for some space between images

return new

• Since this function may be useful in other scenarios beyond denoising, we will 

put it in a separate file util.py, and import it from where it is needed:

from util import tile

or 
from util import *

(we can also simply write import util, but then its usage is util.tile)


