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1. Introduction – what is a digital image? 

 

2. Digital images representation 

 

3. Generating synthetic images 

 

4. Simple image manipulations 

 

 

“A picture is worth a thousand words”. 

 

Human U2OS cells  
Source: 

http://www.broadinstitute.org/bbbc 

http://www.broadinstitute.org/
http://www.broadinstitute.org/


Background 
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• Biological imaging (bioimaging): the technology of visualizing biological 

structures and processes. 

• Mostly at the cellular and molecular level 

• The basic paradigm is to label molecules of interest and then follow the 

labeled entities. 

 

 

• Medial imaging refers to the use of images for clinical purposes.  

• Mostly tissue and organ level. 

 

 

• Both aim at extracting meaningful information from images. 



Background (cont.) 
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• Acquisition of biological images has gone through a major breakthrough, 

due in part to two technological advances of the recent decades: 

 

1. Green fluorescent protein (GFP) 

A tagging tool.  

Connect GFP to interesting, but otherwise invisible, proteins.  

This glowing marker allows them to watch the movements, positions and 

interactions of the tagged proteins. 

 

 

2.  High resolution optical microscopy 

Microscopy of Nano-dimension. 

Better resolution than was previously possible  

(half the wavelength of light). 

2008 Nobel in Chemistry  

2014 Nobel in Chemistry  

https://www.google.co.il/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwjgwtDtwL3MAhUiIMAKHbujAJ4QFggfMAA&url=https://www.nobelprize.org/nobel_prizes/chemistry/laureates/2008/popular-chemistryprize2008.pdf&usg=AFQjCNGhH2RszSow-uto3myMIG3Lv4N1Xw&bvm=bv.121070826,d.ZGg&cad=rja
https://www.google.co.il/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwjgwtDtwL3MAhUiIMAKHbujAJ4QFggfMAA&url=https://www.nobelprize.org/nobel_prizes/chemistry/laureates/2008/popular-chemistryprize2008.pdf&usg=AFQjCNGhH2RszSow-uto3myMIG3Lv4N1Xw&bvm=bv.121070826,d.ZGg&cad=rja
https://www.google.co.il/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwjGkYaXwL3MAhXLJ8AKHXMmBZ8QFgggMAA&url=https://www.nobelprize.org/nobel_prizes/chemistry/laureates/2014/popular-chemistryprize2014.pdf&usg=AFQjCNFlBGRTB65O_syLJ4JI4s871dnjZA&cad=rja
https://www.google.co.il/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwjGkYaXwL3MAhXLJ8AKHXMmBZ8QFgggMAA&url=https://www.nobelprize.org/nobel_prizes/chemistry/laureates/2014/popular-chemistryprize2014.pdf&usg=AFQjCNFlBGRTB65O_syLJ4JI4s871dnjZA&cad=rja


GFP 
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Source: http://gfp.conncoll.edu/GFP-1.htm 



Motivation 
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• Data sets of biological images grow exponentially in size: 

• technological image acquisition improves 

• cost of mass storage (memory) decreases 

 

 

• Extracting this information by human inspection is: 

• laborious 

• non-objective: potentially inaccurate and poorly reproducible 

 

 

• Hence there is a growing need for computerized approaches, which are: 

• superior in tedious, systematic and reproducible analyses 

• can detect fine details and identify complex patterns that may be 

hidden to the human eye (or brain) 



Motivation (cont.) 
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• To avoid relevant information going unnoticed, or interpreted wrong, a 

researcher needs: 

1) to know how to handle image processing and analysis tools 

2) to understand the basic underlying principles of digital images 

 

 

• In this part of the course we will tackle the second goal, and "demystify" 

the digital image world. We will merely present the fundamental concepts.  

 

• We will NOT get into the technological aspects. 
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• Signal: any physical quantity, measurable through time or over space. 

 

• Examples: radio, telephone, radar, sound, light, images,… 

 

• Signal processing: applying mathematical techniques for the 

extraction, transformation and interpretation of signals. 

 

• Signal processing may take two major flavors:  

1) digital (discrete)  

2) analog (continuous). 

 

Signals 
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Digital Image Representation 

• Digital image: a numeric representation of a two-dimensional image. 

 

• Each element M[x,y] is called a pixel - picture element. 

Pixel values convey information about the light intensity / color 

at that location of the image. 

 

 

 

m columns 

x  

 y 

n  rows . 

pixel 

(x,y) 
. 

. 

n x m matrix 



• Number of bits per pixel. 

 

 

 

 

 

 

 

 

• A human observer is able to discriminate between at most a few hundreds 

shades of gray in optimal conditions (some estimations are lower, 

depending also on the background, distance from the image etc.).  

 

• Higher bit depth images are sometimes aimed for an automated analysis by 

a computer.  

Image from: 

http://micro.magnet.fsu.edu/ 

Image Bit Depth 

http://micro.magnet.fsu.edu/
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Resolution and Pixel Physical Size 

Source: Wikipedia 

• Resolution is the capability of the sensor to observe or measure 

the smallest object clearly with distinct boundaries.  

 

• Resolution depends upon the physical size of a pixel.  

 Higher resolution = lower pixel size. 

Increasing resolution 
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Colors 

•  RGB / gray-level / B&W 

 

 

 

256 gray level image 

RGB components of an image 

Images from: http://www.csse.uwa.edu.au/~wongt/matlab.html 

B&W 
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Higher Dimensions 

• A 2D image is encoded as a n-by-m matrix  

 

• 3D:   spatial slices of 2D images 

 

 

 

 

              video – 2D images over time 

 

 

 

• >3D: spatial, time, multiple fluorescent probes 



A 1 minute long video is made out of a sequence of 2D images 

captured every second. Each image is of size 512x512 pixels and 

depth 12 bit/pixel.  

 

How much memory does this video consume (without any 

compression)? 

 

1) ~100  KB 

2)     ~4  MB 

3)   ~20  MB 

4)   ~12  GB 

 

 

Exercise 



• Digital images with high pixel resolution and bit depth take up 

lots of computer memory. 

 

• This motivates the need for compressing images. 

 

• During compression, some of the information in the image may 

be lost, in which case the compression is termed lossy. 

Otherwise, we call it lossless.  

 

• jpg, tiff, png, bmp, gif etc., differ by the type of compression 

applied to the original image.  

The bmp format is lossless, while the other formats are lossy 

(tiff can be both, depending on some parameter settings). 

• In bio-imaging, lossy image compression should be avoided. 

 

Compression and Image Formats 



• jpg format partitions the image into squares of 8-by-8 pixels.  

• Most such squares will exhibit only gradual, moderate changes, especially in 

smooth areas of the image. 

The Example of jpg 

• These gradual changes 

can be well 

approximated by far 

fewer bits than the 

8·8·8 = 512 bits in the 

original representation.  

• A factor of 10 (or even 

more) saving in space 

can be achieved. 

Human HT29 colon-cancer cells. 

In the compressed image on the right, In the 

blue square all pixels are identical. In the 

green square, pixels only change from top to 

bottom. In the yellow square, pixels change 

in both directions. 

 original image            highly compressed version 
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Gray Level Images 

• For simplicity, we will deal with gray-level images, 8 bits per pixel 

(256 gray levels): 0 = black, 255 = white 

• Most of what we will see is easily applicable for color images as well. 

38,  26,  21, 36,  19,  28,  33, 44, 31, 112,  

 

77,  83,  34, 168, 159, 48,  50, 14, 55, 211,  

 

112, 137, 34, 101, 129, 62,  54, 40, 21, 86,  

 

41,  46,  35, 19,  35,  52,  18, 57, 39, 123,  

 

38,  16,  38, 67,  45,  21,  29, 59, 10, 130,  

 

45,  43,  46, 51,  44,  39,  53, 31, 24, 64,  

 

47,  30,  54, 45,  40,  46,  23, 26, 58, 40,  

 

71,  57,  66, 63,  70,  84,  65, 62, 91, 49,  

 

72,  55,  43, 57,  90,  111, 92, 73, 74, 56,  

 

47,  45,  36, 78,  114, 113, 81, 54, 57, 44 



Images in Python – The PIL package 
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• The Python Imaging Library – PIL/PILLOW 

• Read / write / display images + functions for image processing 

 

• Install PIL version 2.8 (or any other): https://pypi.python.org/pypi/Pillow/2.8.1 

• take the version that fits your machine (Windows, Mac,…) and python version 

• For example, for a 32bit Python 3.4 on Windows: Pillow-2.8.1.win32-py3.4.exe 

•                       for a 64bit Python 3.3 on Windows: Pillow-2.8.1.win-amd64-py3.3.exe 

Python version 32/64 bit 

Upon successful installation, this command 
should yield no error messages. 

https://pypi.python.org/pypi/Pillow/2.8.1
https://pypi.python.org/pypi/Pillow/2.8.1
https://pypi.python.org/pypi/Pillow/2.8.1


PIL: Image and Matrix 
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• There are two main objects in PIL: the image and the matrix representing it. 

x  

 y 

pixel 

(m-1,0) 

pixel 

(0,0) 

. 

pixel 

(x,y) 
. 

. 

pixel 

(0,n-1) 

n x m matrix 

from PIL import Image 

  

# Open image 

>>> im = Image.open("./my_image.jpg") 

>>> im.show() #display image 

 

# Load image data into a matrix 

>>> mat = im.load() 

# now you can apply image processing to the matrix 

n  rows 

m  columns 



Basic Handling of Images using PIL 
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from PIL import Image 

  

# Open image 

>>> im = Image.open("./my_image.jpg") 

 

>>> im.size 

(388, 541) #width, height 

 

# display 

>>> im.show()  

 

 

# convert to 256 gray levels (0-255) 

>>> im = im.convert('L') 

 

# convert to BW (0-1) 

>>> im = im.convert('1') 

# crop 

>>> region = im.crop((100,300,250,400)) 

>>> region.show() 

 

 

 

 

 

 

 

 

# rotate 

>>> rot = im.rotate(45) 

>>> rot.show() 

 

#save 

>>> rot.save("./my_image", "bmp") 

(100,300) 

(250,400) 



The Matrix Representing an Image 
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# Load image data into a matrix 

# Changes in the matrix WILL affect image 

 

>>> im = Image.open("./my_image.jpg").convert('L') 

>>> mat = im.load()  

 

>>> mat[0,0] #upper left corner 

31  

 

>>> mat[0,0] = 255 

>>> mat[0,0] 

255  

 

>>> mat[0,0] = mat[0,1] = mat[1,0] = mat[1,1] = 0 

>>> im.show() #im was affected by the changes to mat! 



Creating Synthetic Images 
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# Creating a new image 

im = Image.new(mode='L', size=(100,50), color=255)  

             # 'L' = 256 gray levels 

             # size: (width, height) 

             # initialized white (255) 

def vertical_lines(w,h): 

    ver_lines = Image.new(mode='L', size=(w,h), color=255) 

    mat = ver_lines.load() 

 

    for x in range(w): 

        if x%10 == 0: 

            for y in range(h): 

                mat[x,y] = 0 

 

    return ver_lines 

vertical_lines(100, 50).show() 



Exercise: Creating Synthetic Images (2) 
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>>> image = what(512) 

>>> image.show() 

??? 

def what(n): 

    surprise = Image.new(mode='L', size=(n,n), color=255) 

    mat = surprise.load() 

    for x in range(n): 

        for y in range(n): 

            mat[x,y] =  x%256      

    return surprise 



Creating Synthetic Images (3) 
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>>> image = diagonal() 

>>> image.show() 

??? 

def diagonal(n): 

    surprise = Image.new(mode='L', size=(n,n), color=255) 

    mat = surprise.load() 

    for x in range(n): 

        for y in range(n): 

            if x-y == 0: #x==y 

         mat[x,y] = 0 

    return surprise 

def diagonal2(n): 

    surprise = Image.new(mode='L', size=(n,n), color=255) 

    mat = surprise.load() 

    for x in range(n): 

        mat[x,x] = 0 

    return surprise 

Same same 

but different 

(complexity wise) 



Exercise 
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What would be the difference if we changed: 

 if x-y == 0: 

 

     to each of the following? 

          1.  if x-y == 10: 

          2.  if x-y <= 10: 

          3.  if -10 < x-y < 10: 

def diagonal(n): 

    surprise = Image.new(mode='L', size=(n,n), color=255) 

    mat = surprise.load() 

    for x in range(n): 

        for y in range(n): 

            if x-y == 0: #x==y 

         mat[x,y] = 0 

    return surprise 



Creating Synthetic Images (4) 
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def circles(): 

    surprise = Image.new(mode='L', size=(512,512)) 

    mat = surprise.load() 

    for x in range(512): 

        for y in range(512): 

            mat[x,y] = (x**2 + y**2) % 256 

    return surprise 

• Additional, rather unexpected examples: 

def product(): 

    surprise = Image.new(mode='L', size=(512,512)) 

    mat = surprise.load() 

    for x in range(512): 

        for y in range(512): 

            mat[x,y] = (x*y) % 256 

    return surprise 



Manipulating Images - add 
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def add(im, k): 

    w,h = im.size 

    new = im.copy() 

    mat = im.load() 

    mat_new = new.load() 

 

    for x in range(w): 

        for y in range(h): 

            mat_new[x,y] = (mat[x,y] + k) % 256 

 

    return new 

• The parameter im is a PIL image object of 256 gray levels. 

     For example: 

    >>> im = Image.open("./my_image").convert('L') 

    >>> new = add(im, 50) 

    >>> new.show() 



Manipulating Images - add 
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>>> im = Image.open("./eifel.jpg").convert('L') 

>>> new = add(im, 50) 

>>> new.show() 

add(im, 50).show() im.show() 



Manipulating Images: Negative 
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def negate(im): 

    w,h = im.size 

    new = im.copy() 

    mat = im.load() 

    mat_new = new.load() 

 

    for x in range(w): 

        for y in range(h): 

            mat_new[x,y] =     

 

    return new 

negate(im).show() im.show() 



Manipulating Images: Negative 

30 

def negate(im): 

    w,h = im.size 

    new = im.copy() 

    mat = im.load() 

    mat_new = new.load() 

 

    for x in range(w): 

        for y in range(h): 

            mat_new[x,y] = 255 – mat[x,y] 

 

    return new 

negate(im).show() im.show() 



Manipulating Images: Upside-Down 
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def upside_down(im): 

    w,h = im.size 

    new = im.copy() 

    mat = im.load() 

    mat_new = new.load() 

 

    for x in range(w): 

        for y in range(h): 

            mat_new[x,y] =     

 

    return new 

upside_down(im).show() im.show() 



Manipulating Images: Upside-Down 
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def upside_down(im): 

    w,h = im.size 

    new = im.copy() 

    mat = im.load() 

    mat_new = new.load() 

 

    for x in range(w): 

        for y in range(h): 

            mat_new[x,y] = mat[x,h-y-1] 

 

    return new 

• Left-right switch? 

upside_down(im).show() im.show() 



Appendix 
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Synthetic Images (2) 
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def what(): 

    surprise = Image.new(mode='L', size=(512,512), color=255) 

    mat = surprise.load() 

    for x in range(512): 

        for y in range(512): 

            mat[x,y] =  x%256      

    return surprise 



Synthetic Images (3) 
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def diagonal2(n): 

    surprise = Image.new(mode='L', size=(512,512), color=255) 

    mat = surprise.load() 

    for x in range(n): 

        mat[x,x] = 0 

    return surprise 



def circles(): 

    surprise = Image.new(mode='L', size=(512,512)) 

    mat = surprise.load() 

    for x in range(512): 

        for y in range(512): 

            mat[x,y] = (x**2 + y**2) % 256 

    return surprise 

Synthetic Images (4) 
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• Additional, rather unexpected examples: 



def product(c=1): 

    surprise = Image.new(mode='L', size=(512,512)) 

    mat = surprise.load() 

    for x in range(512): 

        for y in range(512): 

            mat[x,y] = (x*y) % 256 

    return surprise 

Synthetic Images (4) 
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• Additional, rather unexpected examples: 


