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Introduction to the courseIntroduction to the course
►   Article Reading and Project

 Develop face Recognition-
 Gender Classification 
 Code correction
 Obstacle detection
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Journals & Conferences Journals & Conferences 
in Image Processingin Image Processing

►     Journals: 
      — IEEE T IMAGE PROCESSING
      — IEEE T MEDICAL IMAGING
      — INTL J COMP. VISION
      — IEEE T PATTERN ANALYSIS MACHINE INTELLIGENCE
      — PATTERN RECOGNITION
      — COMP. VISION AND IMAGE UNDERSTANDING
      — IMAGE AND VISION COMPUTING
      … …

►  Conferences: 
      — CVPR: Comp. Vision and Pattern Recognition
      — ICCV: Intl Conf on Computer Vision  
      — ACM Multimedia
      — ICIP
      — SPIE
      — ECCV: European Conf on Computer Vision 
      — CAIP: Intl Conf on Comp. Analysis of Images and Patterns
      … … 
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IntroductionIntroduction
►     What is Digital Image Processing? 
► Digital image processing deals with manipulation of digital images Digital image processing deals with manipulation of digital images 

through a digital computer. It is a subfield of signals and systems but through a digital computer. It is a subfield of signals and systems but 
focus particularly on images.focus particularly on images.

  Digital Image 
          — a two-dimensional function ,  x and y are spatial coordinates , The 

amplitude  f  is called intensity or gray level at the point (x, y)
 Digital Image Processing  
  — process digital images by means of computer, it covers low-, mid-, and 

high-level processes
         low-level: inputs and outputs are images
         mid-level: outputs are attributes extracted from input images
         high-level: recognition of individual objects

          Pixel    — the elements of a digital image



Relationship between a digital image and a signalRelationship between a digital image and a signal
► If the image is a two dimensional array then what does it If the image is a two dimensional array then what does it 

have to do with a signal?have to do with a signal?
► Since anything that conveys information or broadcast a message Since anything that conveys information or broadcast a message 

in physical world between two observers is a signal.in physical world between two observers is a signal.
► How a digital image is formedHow a digital image is formed
► Since capturing an image from a camera is a physical process. Since capturing an image from a camera is a physical process. 

The sunlight is used as a source of energy. The sunlight is used as a source of energy. 
► A sensor array is used for the acquisition of the image. A sensor array is used for the acquisition of the image. 
► So when the sunlight falls upon the object, then the amount of So when the sunlight falls upon the object, then the amount of 

light reflected by that object is sensed by the sensors, and a light reflected by that object is sensed by the sensors, and a 
continuous voltage signal is generated by the amount of sensed continuous voltage signal is generated by the amount of sensed 
data.data.
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Overlapping fields
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Q &AQ &A
►How can you tell that an image is a form of How can you tell that an image is a form of 

signal?signal?
►Difference among image processing, Difference among image processing, 

computer vision, and computer graphics.computer vision, and computer graphics.
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Light and EM SpectrumLight and EM Spectrum

c  ,   :  Planck's constant.E h h

In physics, electromagnetic radiation refers to the waves of the electromagnetic field, 
propagating through space, carrying electromagnetic radiant energy. It includes radio 
waves, microwaves, infrared, light, ultraviolet, X-rays, and gamma rays.



9

Electromagnetic (EM) energy spectrumElectromagnetic (EM) energy spectrum

Major uses
Gamma-ray imaging: nuclear medicine and astronomical observations
X-rays: medical diagnostics, industry, and astronomy, etc.
Ultraviolet: lithography, industrial inspection, microscopy, lasers, biological imaging,
and astronomical observations
Visible and infrared bands: light microscopy, astronomy, remote sensing, industry, 
and law enforcement
Microwave band: radar
Radio band: medicine (such as MRI) and astronomy
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Examples: Gama-Ray Imaging Examples: Gama-Ray Imaging 

      
          
PET( positron PET( positron 

emission emission 
tomography),tomography),

Cygnus Cygnus 
loop( stationary loop( stationary 
gas cloud gas cloud 
generated generated 
around 15000 around 15000 
years ago when years ago when 
a star was a star was 
explodedexploded
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Examples: X-Ray Imaging Examples: X-Ray Imaging 
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Examples: Ultraviolet Imaging Examples: Ultraviolet Imaging 
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Examples: Visual and Infrared Imaging Examples: Visual and Infrared Imaging 
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Examples: Infrared Satellite Imaging Examples: Infrared Satellite Imaging 
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Example of Radar Image (Microwave)Example of Radar Image (Microwave)
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Examples: MRI(Magnetic Resonance Imaging) Examples: MRI(Magnetic Resonance Imaging) 
(Radio Band)(Radio Band)
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Examples: Ultrasound ImagingExamples: Ultrasound Imaging

      
          



Q and AQ and A
►What is order of wavelength of visible light?What is order of wavelength of visible light?
►Which EM radiation is used in RADAR?Which EM radiation is used in RADAR?

18
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Image Acquisition ProcessImage Acquisition Process
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A Simple Image Formation ModelA Simple Image Formation Model

( , ) ( , ) ( , )

( , ) :  intensity at the point ( , )
( , ) :  illumination at the point ( , )

(the amount of source illumination incident on the scene)             
( , ) :  reflectance/transmissivity 

f x y i x y r x y

f x y x y
i x y x y

r x y

 

at the point ( , )
(the amount of illumination reflected/transmitted by the object)
where 0 < ( , ) <  and 0 < ( , ) < 1

x y

i x y r x y



Important  TerminologiesImportant  Terminologies
► In an image, intensity of a pixel is defined as the value of the pixel. For 

example in an 8 bit grayscale image there are 256 gray levels. 
► brightness, is a relative term. Suppose A, B and C are three pixels 

having intensities 1, 30 and 250, then C is brighter and A & B are darker 
with respect to C. In general you can say the higher the intensity the 
brighter is the pixel.

► LuminanceLuminance is the luminous intensity, projected on a given area and  is the luminous intensity, projected on a given area and 
direction. Luminance is an objectively measurable attribute. direction. Luminance is an objectively measurable attribute. 

► The unit is 'Candela per Square Meter' (cd/m2)..The unit is 'Candela per Square Meter' (cd/m2)..
► It measures of the amount of light emitting, passing through or reflected It measures of the amount of light emitting, passing through or reflected 

from a particular surface from a solid angle. from a particular surface from a solid angle. 
► contrast. It is the difference between maximum and minimum pixel 

intensities in an image. 
► Consider two images A having pixel intensities between 30 to 200 and B 

having pixel intensities 70 to 130. Then A has more contrast than B. 
21
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Some Typical Ranges of illuminationSome Typical Ranges of illumination
►   IlluminationIllumination 

Lumen — A unit of light flow or luminous flux  
Lumen per square meter (lm/m2) — Illuminance is a term that Illuminance is a term that 

describes the measurement of the describes the measurement of the amount of light amount of light falling onto falling onto 
(illuminating) and spreading over a given surface area.(illuminating) and spreading over a given surface area.

 On a clear day, the sun may produce in excess of 90,000 lm/m2 of 
illumination on the surface of the Earth

 On a cloudy day, the sun may produce less than 10,000 lm/m2 of 
illumination on the surface of the Earth

 On a clear evening, the moon yields about 0.1 lm/m2 of illumination 

 The typical illumination level in a commercial office is about 1000 lm/m2
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Some Typical Ranges of ReflectanceSome Typical Ranges of Reflectance

►   ReflectanceReflectance

 0.01 for black velvet

 0.65 for stainless steel

 0.80 for flat-white wall paint  

 0.90 for silver-plated metal

 0.93 for snow



Image formation on analog cameras
► In analog cameras , the image formation is due to the In analog cameras , the image formation is due to the 

chemical reaction that takes place on the strip that is used chemical reaction that takes place on the strip that is used 
for image formation.for image formation.

►   It is denoted in the figure by 35mm film cartridge. This It is denoted in the figure by 35mm film cartridge. This 
strip is coated with silver halide ( a chemical substance).strip is coated with silver halide ( a chemical substance).

► So when light photon particles are passed through the So when light photon particles are passed through the 
camera, it reacts with the silver halide particles on the strip camera, it reacts with the silver halide particles on the strip 
and it results in the silver which is the negative of the and it results in the silver which is the negative of the 
image.image.

► although image formation involves many other concepts  although image formation involves many other concepts  
like shutter and shutter speed and aperture and its like shutter and shutter speed and aperture and its 
opening.opening.
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► Aperture
► Aperture is a small opening which allows the light to travel Aperture is a small opening which allows the light to travel 

inside into camera. Here is the picture of apertureinside into camera. Here is the picture of aperture
►   If the aperture opening is wide, it would allow more light to pass If the aperture opening is wide, it would allow more light to pass 

into the camera. More light would result in more photons, which into the camera. More light would result in more photons, which 
ultimately result in a brighter image.ultimately result in a brighter image.

► Shutter: 
► After the aperture, there comes the shutter just before the CCD After the aperture, there comes the shutter just before the CCD 

sensor. Shutter has further two main concepts: Shutter Speed & sensor. Shutter has further two main concepts: Shutter Speed & 
Shutter timeShutter time

► More shutter speed = less shutter time.More shutter speed = less shutter time.
► To capture To capture  image of a fast moving object: increase shutter speed  image of a fast moving object: increase shutter speed 

& Decrease shutter time.& Decrease shutter time.
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Image formation on digital cameras
► In the digital camera , a CCD array of sensors is used for the In the digital camera , a CCD array of sensors is used for the 

image formation.image formation.
► CCD stands for charge-coupled device. CCD stands for charge-coupled device. 
► This CCD is actually in the shape of array or a rectangular This CCD is actually in the shape of array or a rectangular 

grid.grid.
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Each sensor of the CCD array itself is an analog sensor. When photons 
of light strike on the chip , it is held as a small electrical charge in each 
photo sensor. The response of each sensor is directly equal to the 
amount of light or (photon) energy strike on the surface of the sensor.
The value of each sensor of the CCD array refers to each the value of 
the individual pixel. 
            The number of sensors = number of pixels. 



Calculating the size of image formed
► Suppose a person 5m tall, and standing at a distance of 50m from Suppose a person 5m tall, and standing at a distance of 50m from 

the camera, and we have to tell that what is the size of the image the camera, and we have to tell that what is the size of the image 
of the person, with a camera of focal length is 50mm.of the person, with a camera of focal length is 50mm.

► Solution:
► Y = 5000 mm.Y = 5000 mm.
► f = 50 mm.f = 50 mm.
► Z = 50000 mm.Z = 50000 mm.
► Putting the values in the formula, we getPutting the values in the formula, we get
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Q & AQ & A
►What is intensity in an image?What is intensity in an image?
►Full form of CCDFull form of CCD
►What is difference between optical zoom What is difference between optical zoom 

and digital zoom.and digital zoom.
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DigitizationDigitization

► Two stages in the digitization process:Two stages in the digitization process:
 Spatial samplingSpatial sampling: Spatial domain : Spatial domain 
 QuantizationQuantization: Gray level : Gray level 
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Continuous Image Digital Image

i

• Real world is continuous , The computer world is discrete 
• Mapping a continuous function to a discrete one is called sampling 
• Mapping a continuous variable to a discrete one is called quantizaion 
• To represent or render an image using a computer, we must both 
sample and quantize
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Image Sampling and QuantizationImage Sampling and Quantization
You can see in this image, that the signal has been quantified into four 
different levels.
And the vertically ranging values have been quantized into 5 different levels or 
partitions.
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Image Sampling and QuantizationImage Sampling and Quantization

The sampling rate determines the spatial resolution of the digitized image, 
while the quantization level determines the number of grey level resolution in 
the digitized image



QuantizationQuantization
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Representing Digital ImagesRepresenting Digital Images

►The representation of an M×N numerical 
array as

      

(0,0) (0,1) ... (0, 1)
(1,0) (1,1) ... (1, 1)

( , )
... ... ... ...

( 1,0) ( 1,1) ... ( 1, 1)

f f f N
f f f N

f x y

f M f M f M N

 
  
 
     

Discrete intensity interval [0, L-1], L=2k

 The number b of bits required to store a M × N digitized image 

    b = M × N × k 



34

Representing Digital ImagesRepresenting Digital Images



Resolution

► The resolution can be defined in many ways. Such as 
pixel resolution, spatial resolution (sampling), Intensity 
(Gray level) resolution, temporal resolution. 

► pixel resolution: You have probably seen that in your 
own computer settings, you have monitor resolution of 
800 x 600, 640 x 480 e.t.c

► In pixel resolution, the term resolution refers to the total 
number of count of pixels in an digital image. 

► For example. If an image has M rows and N columns, 
then its resolution can be defined as M X N.
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Resolution (Cont..)Resolution (Cont..)
► Megapixels
► We can calculate mega pixels of a camera using pixel resolution.We can calculate mega pixels of a camera using pixel resolution.
► Column pixels (width ) X row pixels ( height ) / 1 Million.Column pixels (width ) X row pixels ( height ) / 1 Million.
► The size of an image can be defined by its pixel resolution.The size of an image can be defined by its pixel resolution.
► Size = pixel resolution X bpp ( bits per pixel )Size = pixel resolution X bpp ( bits per pixel )
► Calculating the mega pixels of the camera
► Lets say we have an image of dimension: 2500 X 3192.Lets say we have an image of dimension: 2500 X 3192.
► Its pixel resolution = 2500 * 3192 = 7982350 bytes.Its pixel resolution = 2500 * 3192 = 7982350 bytes.
► Dividing it by 1 million = 7.9 = 8 mega pixel (approximately).Dividing it by 1 million = 7.9 = 8 mega pixel (approximately).
► Aspect ratio
► Another important concept with the pixel resolution is aspect ratio.Another important concept with the pixel resolution is aspect ratio.
► Aspect ratio is the ratio between width of an image and the height Aspect ratio is the ratio between width of an image and the height 

of an image. 1.33:1, 1.37:1, 1.50:1, 1.56:1, 1.66:1, 1.75:1, e.t.cof an image. 1.33:1, 1.37:1, 1.50:1, 1.56:1, 1.66:1, 1.75:1, e.t.c
36



Resolution(Cont..)Resolution(Cont..)
► If you are given an image with aspect ratio of 6:2 of an image of pixel If you are given an image with aspect ratio of 6:2 of an image of pixel 

resolution of 480000 pixels given the image is an gray scale image.resolution of 480000 pixels given the image is an gray scale image.
► calculate the dimensions of imagecalculate the dimensions of image
► Given:
► Aspect ratio: c:r = 6:2Aspect ratio: c:r = 6:2
► Pixel resolution:Pixel resolution:
              c * r = 480000c * r = 480000
► Bits per pixel:Bits per pixel:
      grayscale image = 8bppgrayscale image = 8bpp

37

Size = rows * cols * bpp
Size of image in bits 
= 400 * 1200 * 8
    = 3840000 bits
= 48 kb (approx).
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Spatial and Intensity ResolutionSpatial and Intensity Resolution

►Spatial resolution
   — A measure of the smallest discernible detail in an image
   — stated with line pairs per unit distance, dots (pixels) per 

unit distance, dots per inch (dpi)

►Intensity resolution
   — The smallest discernible change in intensity level
   — stated with 8 bits, 12 bits, 16 bits, etc.



Q & AQ & A
► What is difference between spatial resolution and What is difference between spatial resolution and 

pixel resolution?pixel resolution?
► If you are given an image with aspect ratio of 5:3 If you are given an image with aspect ratio of 5:3 

of an image of pixel resolution of 450000 pixels of an image of pixel resolution of 450000 pixels 
given the image is an gray scale image. calculate given the image is an gray scale image. calculate 
the dimensions of image.the dimensions of image.

► What is Intensity resolution for binary image?What is Intensity resolution for binary image?

39
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Basic Relationships Between Pixels

► Neighborhood

► Adjacency

► Connectivity

► Paths

► Regions and boundaries
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Basic Relationships Between Pixels

► Neighbors of a pixel p at coordinates (x,y) 

  4-neighbors of p, denoted by N4(p):
    (x-1, y), (x+1, y), (x,y-1), and (x, y+1).

  4 diagonal neighbors of p, denoted by ND(p):
    (x-1, y-1), (x+1, y+1), (x+1,y-1), and (x-1, y+1).

  8 neighbors of p, denoted N8(p)
     N8(p) = N4(p) U ND(p)
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Basic Relationships Between Pixels

► Adjacency
    Let V be the set of intensity values 

 4-adjacency: Two pixels p and q with values from V are 
4-adjacent if q is in the set N4(p).

 8-adjacency: Two pixels p and q with values from V are 
8-adjacent if q is in the set N8(p).
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Basic Relationships Between Pixels

► Adjacency
    Let V be the set of intensity values 

 m-adjacency: Two pixels p and q with values from V are 
m-adjacent if

    
    (i) q is in the set N4(p), or

    (ii) q is in the set ND(p) and the set N4(p) ∩ N4(p) has no pixels whose 
values are from V.
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Basic Relationships Between Pixels

► Path
 A (digital) path (or curve) from pixel p with coordinates (x0, y0) to pixel q 

with coordinates (xn, yn) is a sequence of distinct pixels with coordinates
       
          (x0, y0), (x1, y1), …, (xn, yn)

    Where (xi, yi) and (xi-1, yi-1) are adjacent for 1 ≤ i ≤ n.

 Here n is the length of the path.

 If (x0, y0) = (xn, yn), the path is closed path.

 We can define 4-, 8-, and m-paths based on the type of adjacency used.
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Examples: Adjacency and Path

0   1   1             0   1   1                 0   1   10   1   1             0   1   1                 0   1   1
0   2   0             0   2   0                 0   2   00   2   0             0   2   0                 0   2   0
0   0   1             0   0   1                 0   0   10   0   1             0   0   1                 0   0   1

V = {1, 2}
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Examples: Adjacency and Path

0   1   1             0   1   1                 0   1   10   1   1             0   1   1                 0   1   1
0   2   0             0   2   0                 0   2   00   2   0             0   2   0                 0   2   0
0   0   1             0   0   1                 0   0   10   0   1             0   0   1                 0   0   1

V = {1, 2}

8-adjacent
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Examples: Adjacency and Path

0   1   1             0   1   1                 0   1   10   1   1             0   1   1                 0   1   1
0   2   0             0   2   0                 0   2   00   2   0             0   2   0                 0   2   0
0   0   1             0   0   1                 0   0   10   0   1             0   0   1                 0   0   1

V = {1, 2}

8-adjacent m-adjacent
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Examples: Adjacency and Path

001,11,1  1  11,21,2  1  11,31,3            0   1   1                 0   1   1            0   1   1                 0   1   1
002,12,1  2  22,22,2  0  02,32,3            0   2   0                 0   2   0            0   2   0                 0   2   0
003,13,1  0  03,23,2  1  13,33,3            0   0   1                 0   0   1            0   0   1                 0   0   1

V = {1, 2}

8-adjacent m-adjacent

The 8-path from (1,3) to (3,3):
(i) (1,3), (1,2), (2,2), (3,3)
(ii) (1,3), (2,2), (3,3)

The m-path from (1,3) to (3,3):
(1,3), (1,2), (2,2), (3,3)
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Basic Relationships Between Pixels

► Connected in S
    Let S represent a subset of pixels in an image. Two pixels 

p with coordinates (x0, y0) and q with coordinates (xn, yn) 
are said to be connected in S if there exists a path 

        (x0, y0), (x1, y1), …, (xn, yn)

    Where ,0 , ( , )i ii i n x y S   
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Basic Relationships Between Pixels

Let S represent a subset of pixels in an image 

► For every pixel p in S, the set of pixels in S that are connected to p is 
called a connected component of S.

► If S has only one connected component, then S is called Connected 
Set.

► We call R a region of the image if R is a connected set

► Two regions, Ri and Rj are said to be adjacent if their union forms a 
connected set. 

► Regions that are not to be adjacent are said to be disjoint.
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Basic Relationships Between Pixels

► Boundary (or border)

 The boundary of the region R is the set of pixels in the region that 
have one or more neighbors that are not in R.

 If R happens to be an entire image, then its boundary is defined as the 
set of pixels in the first and last rows and columns of the image.

► Foreground and background

 An image contains K disjoint regions, Rk, k = 1, 2, …, K. Let Ru denote 
the union of all the K regions, and let (Ru)c denote its complement. 

      All the points in Ru is called foreground;
    All the points in (Ru)c

 is called background.
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Q & A

► In the following arrangement of pixels, are the two 
regions (of 1s) adjacent?  (if 8-adjacency is used)

►                                         
    1      1      1
    1      0      1
    0      1      0
    0      0      1
    1      1      1
    1      1      1

Region 1

Region 2
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► In the following arrangement of pixels, the two 
regions (of 1s) are disjoint (if 4-adjacency is used)

    1      1      1
    1      0      1
    0      1      0
    0      0      1
    1      1      1
    1      1      1

Region 1

Region 2

Question 3
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► In the following arrangement of pixels, the two 
regions (of 1s) are disjoint (if 4-adjacency is used)

    1      1      1
    1      0      1
    0      1      0
    0      0      1
    1      1      1
    1      1      1

foreground

background

Question 4
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Question 5

► In the following arrangement of pixels, the circled 
point is part of the boundary of the 1-valued pixels 
1. if 8-adjacency is used, 

► 2. if 4-adjacency is used, true or false?

    0      0      0      0      0
    0      1      1      0      0
    0      1      1      1      0
    0      1      1      1      0
    0      1      1      1      0
    0      0      0      0      0
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Distance Measures

► Given pixels p, q and z with coordinates (x, y), (s, t), 
(u, v) respectively, the distance function D has 
following properties:

a. D(p, q) ≥ 0      [D(p, q) = 0, iff p = q]

b. D(p, q) = D(q, p)

c. D(p, z) ≤ D(p, q) + D(q, z)
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Distance Measures

The following are the different Distance measures:

    a. Euclidean Distance :
     De(p, q) = [(x-s)2 + (y-t)2]1/2

    b. City Block Distance: 
     D4(p, q) = |x-s| + |y-t|

    c. Chess Board Distance: 
     D8(p, q) = max(|x-s|, |y-t|)
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Introduction to Mathematical Operations in Introduction to Mathematical Operations in 
DIPDIP

► Array vs. Matrix Operation
    

11 12

21 22

b b
B

b b
 

  
 

11 12

21 22

a a
A

a a
 

  
 

11 11 12 21 11 12 12 22

21 11 22 21 21 12 22 22

 * 
a b a b a b a b

A B
a b a b a b a b

  
    

11 11 12 12

21 21 22 22

 .*  
a b a b

A B
a b a b
 

  
 

Array product

Matrix product

Array 
product
operator

Matrix 
product
operator
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Introduction to Mathematical Operations in Introduction to Mathematical Operations in 
DIPDIP

► Linear vs. Nonlinear Operation
    

     H is said to be a linear operator (sum, average, subtraction);
    H is said to be a nonlinear operator (mult, div)if it does not meet 

the above qualification.

 ( , ) ( , )H f x y g x y

Additivity

Homogeneity

 
 

( , ) ( , )

( , ) ( , )

( , ) ( , )

( , ) ( , )

i i j j

i i j j

i i j j

i i j j

H a f x y a f x y

H a f x y H a f x y

a H f x y a H f x y

a g x y a g x y

  
    
    

 
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Arithmetic OperationsArithmetic Operations

► Arithmetic operations between images are array 
operations. The four arithmetic operations are denoted 
as

    s(x,y) = f(x,y) + g(x,y)
    d(x,y) = f(x,y) – g(x,y)
    p(x,y) = f(x,y) × g(x,y)
    v(x,y) = f(x,y) ÷ g(x,y)
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Example: Addition of Noisy Images for Noise ReductionExample: Addition of Noisy Images for Noise Reduction

Noiseless image: f(x,y)
Noise: n(x,y)  (at every pair of coordinates (x,y), the noise is uncorrelated 

and has zero average value)

Corrupted image: g(x,y)
                     g(x,y) = f(x,y) + n(x,y)

Reducing the noise by adding a set of noisy images, {gi(x,y)}
                     

1

1( , ) ( , )
K

i
i

g x y g x y
K 

 
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Application: Addition of Noisy Images for Noise ReductionApplication: Addition of Noisy Images for Noise Reduction

                     ► In astronomy, imaging under very low light levels 
frequently causes sensor noise to render single image 
virtually useless for analysis.

► In astronomical observations, similar sensors for noise 
reduction by observing the same scene over long 
periods of time. Image averaging is then used to 
reduce the noise. 
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An Example of Image Subtraction: Mask Mode RadiographyAn Example of Image Subtraction: Mask Mode Radiography

Mask h(x,y): an X-ray image of a region of a patient’s body 

Live images f(x,y): X-ray images captured at TV rates after injection of 
the contrast medium

Enhanced detail g(x,y)

                     g(x,y) = f(x,y) - h(x,y)

    The procedure gives a movie showing how the contrast medium 
propagates through the various arteries in the area being observed.
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 A mask X-ray (using intensified TV camera) image of a patient’s head prior to 
injection of an iodine (X-ray contrast) medium into bloodstream, (b) a sample 
of live image taken after the injection (c) difference between two (d) enhanced 
image

 Angiography or arteriography is a medical imaging technique used to visualize 
the inside, or lumen, of blood vessels and organs of the body, with particular 
interest in the arteries, veins, and the heart chambers.
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An Example of Image Multiplication (shading correction & masking)An Example of Image Multiplication (shading correction & masking)
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Set and Logical OperationsSet and Logical Operations
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Set and Logical Operations Set and Logical Operations 
►  Let A be the elements of a gray-scale image
    The elements of A are triplets of the form (x, y, z), where 

x and y are spatial coordinates and z denotes the intensity 
at the point (x, y).

     

►  The complement of A is denoted Ac 
     

{( , , ) | ( , , ) }
2 1;  is the number of intensity bits used to represent 

c

k

A x y K z x y z A
K k z

  

 

{( , , ) | ( , )}A x y z z f x y 
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Set and Logical OperationsSet and Logical Operations
The union of two gray-scale images (sets) A and B is defined as the set

{max( , ) | , }
z

A B a b a A b B   
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Question 1

► In the following arrangement of pixels, what’s the 
value of the chessboard distance between the 
circled two points?

    0      0      0      0      0
    0      0      1      1      0
    0      1      1      0      0
    0      1      0      0      0
    0      0      0      0      0
    0      0      0      0      0
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Question 2

► In the following arrangement of pixels, what’s the 
value of the city-block distance between the circled 
two points?

    0      0      0      0      0
    0      0      1      1      0
    0      1      1      0      0
    0      1      0      0      0
    0      0      0      0      0
    0      0      0      0      0
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Question 3

► Write Python code to add, subtract, and multiply two 
images.





Lecture 2. Intensity Transformation Lecture 2. Intensity Transformation 
and Spatial Filteringand Spatial Filtering



Weeks 1 & 2 2

Geometric Spatial TransformationsGeometric Spatial Transformations

►   Geometric transformation (rubber-sheet transformation)
      — A spatial transformation of coordinates

      — intensity interpolation that assigns intensity values to the spatially 
transformed pixels.

►   Affine transform

( , ) {( , )}x y T v w

   
11 12

21 22

31 32

0
1 1 0

1

t t
x y v w t t

t t

 
   
  



Application:

1. Rescale the graphics content when displaying it on a desktop vs mobile.
2. Artificially generate more data is to randomly apply an affine transformation 
to the input data. A technique also known as augmentation
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Intensity Assignment Intensity Assignment 

►   Forward Mapping

    It’s possible that two or more pixels can be transformed to the same 
location in the output image.

►  Inverse Mapping

    The nearest input pixels to determine the intensity of the output 
pixel value.

    Inverse mappings are more efficient to implement than forward 
mappings.

( , ) {( , )}x y T v w

1( , ) {( , )}v w T x y



06/28/24 6

Intensity Transform:Intensity Transform:
Spatial Domain vs. Transform DomainSpatial Domain vs. Transform Domain

► Spatial domain
   image plane itself, directly process the intensity values of 

the image plane 

► Transform domain
   process the transform coefficients, not directly process the 

intensity values of the image plane
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Spatial Domain ProcessSpatial Domain Process

( , ) [ ( , )])
( , ) : input image
( , ) : output image
: an operator on  defined over 

     a neighborhood of point ( , )

g x y T f x y
f x y
g x y
T f

x y


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Spatial Domain ProcessSpatial Domain Process
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Spatial Domain ProcessSpatial Domain Process

Intensity transformation function
             ( )s T r

In contrast stretching, if r1=s1 and r2=s2, then transformation is 
a linear function that produces no changes in gray levels
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Example: Image NegativesExample: Image Negatives

Small 
lession

Image negatives
1s L r  
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Log TransformationsLog Transformations

Log Transformations
log(1 )s c r 
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Example: Log TransformationsExample: Log Transformations
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Power-Law (Gamma) TransformationsPower-Law (Gamma) Transformations

s cr
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Example: Gamma TransformationsExample: Gamma Transformations
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Histogram ProcessingHistogram Processing

► Histogram Equalization
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Example:  Histogram EqualizationExample:  Histogram Equalization

►OriginalOriginal

►ModifiedModified

Histogram equalization yields an image whose pixels are (in
theory) uniformly distributed among all gray levels. 
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Example: Histogram EqualizationExample: Histogram Equalization
Suppose that a 3-bit image (L=8) of size 3 × 4 pixels (MN = 12) has 
the intensity distribution shown in following table. 
Get the histogram equalization transformation function and give the 
ps(sk) for each sk.

A= 2 3 5
5 6 2
2 3 4
3 3 0

n= 12 rk=[0-7] gray level=L=8
rk nk p(rk)=nk/n T(rk)=7*P(rk) S(rk)=cdf(T(rk)) floor(s(rk))
0 1 0.08 0.58 0.58 0
1 0 0.00 0.00 0.58 0
2 3 0.25 1.75 2.33 2
3 4 0.33 2.33 4.67 4
4 1 0.08 0.58 5.25 5
5 2 0.17 1.17 6.42 6
6 1 0.08 0.58 7.00 7
7 0 0.00 0.00 7.00 7

Equalized image look 
up table
 img = cdf[A]
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Example: Histogram EqualizationExample: Histogram Equalization
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QuestionQuestion

          1. Write python code to perform histogram 1. Write python code to perform histogram 
equalization.equalization.
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Spatial FilteringSpatial Filtering

    A spatial filter consists of (a) a neighborhood, and (b) a 
predefined operation 

    Linear spatial filtering of an image of size MxN with a filter 
of size mxn is given by the expression.

   w(x,y) is a filter, and f(x,y) is the image

( , ) ( , ) ( , )
a b

s a t b
g x y w s t f x s y t

 

   
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Spatial CorrelationSpatial Correlation

The correlation of a filter ( , ) of size 
with an image ( , ), denoted as ( , )   ( , )

w x y m n
f x y w x y f x y



( , )    ( , ) ( , ) ( , )
a b

s a t b
w x y f x y w s t f x s y t

 

   



06/28/24 24

Spatial ConvolutionSpatial Convolution

The convolution of a filter ( , ) of size 
with an image ( , ), denoted as ( , )   ( , )

w x y m n
f x y w x y f x y



( , )    ( , ) ( , ) ( , )
a b

s a t b
w x y f x y w s t f x s y t

 

   
Linear filtering of an image is accomplished through an operation called convolution. 
Convolution is a neighborhood operation in which each output pixel is the weighted 
sum of neighboring input pixels. 
The matrix of weights is called the convolution kernel, also known as the filter. 
A convolution kernel is a correlation kernel that has been rotated 180 degrees.
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Smoothing Spatial FiltersSmoothing Spatial Filters

    Smoothing filters are used for blurring and for noise 
reduction

    Blurring is used in removal of small details and bridging of 
small gaps in lines or curves

    Smoothing spatial filters include linear filters and nonlinear 
filters.
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Spatial Smoothing Linear FiltersSpatial Smoothing Linear Filters

The general implementation for filtering an M N image
with a weighted averaging filter of size m n is given

( , ) ( , )
              ( , )

( , )

              where  2 1

a b

s a t b
a b

s a t b

w s t f x s y t
g x y

w s t

m a

 

 




 


 

 

 
,     2 1.n b 
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Two Smoothing Averaging Filter MasksTwo Smoothing Averaging Filter Masks
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Example: Gross Representation of ObjectsExample: Gross Representation of Objects
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Order-statistic (Nonlinear) FiltersOrder-statistic (Nonlinear) Filters

    — Based on ordering (ranking) the pixels contained in the 
filter mask

    — Replacing the value of the center pixel with the value 
determined by the ranking result

    E.g., median filter, max filter, min filter
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Example: filtersExample: filters

Box filter (max,min,median) . All members of this filter are the same
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Sharpening Spatial FiltersSharpening Spatial Filters

►     Foundation 

►     Laplacian Operator

►     Highboost Filtering

►     Using First-Order Derivatives for Nonlinear Image 
Sharpening  —  The Gradient 
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Sharpening Spatial Filters: FoundationSharpening Spatial Filters: Foundation

► The first-order derivative of a one-dimensional function f(x) 
is the difference

► The second-order derivative of f(x) as the difference

( 1) ( )f f x f x
x


  


2

2 ( 1) ( 1) 2 ( )f f x f x f x
x


    

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Sharpening Spatial Filters: Laplace OperatorSharpening Spatial Filters: Laplace Operator

    The second-order isotropic derivative operator is the 
Laplacian for a function (image) f(x,y)

2 2
2

2 2
f ff
x y
 

  
 

2

2 ( 1, ) ( 1, ) 2 ( , )f f x y f x y f x y
x


    


2

2 ( , 1) ( , 1) 2 ( , )f f x y f x y f x y
y


    


2 ( 1, ) ( 1, ) ( , 1) ( , 1)
           - 4 ( , )
f f x y f x y f x y f x y

f x y
        
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Sharpening Spatial Filters: Laplace OperatorSharpening Spatial Filters: Laplace Operator
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Sharpening Spatial Filters: Laplace OperatorSharpening Spatial Filters: Laplace Operator

    Image sharpening in the way of using the Laplacian:

2

2

              ( , ) ( , ) ( , )

where,
 ( , ) is input image, 

( , ) is sharpenend images,
-1 if ( , ) corresponding to Fig. 3.37(a) or (b)

and 1 if either of the other two filters is us

g x y f x y c f x y

f x y
g x y
c f x y

c

    

 
 ed.
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Unsharp Masking and Highboost FilteringUnsharp Masking and Highboost Filtering

► Unsharp masking
    Sharpen images consists of subtracting an unsharp (smoothed) 

version of an image from the original image 
    e.g., printing and publishing industry 

► Steps

   1. Blur the original image

   2. Subtract the blurred image from the original 

   3. Add the mask to the original
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Unsharp Masking and Highboost FilteringUnsharp Masking and Highboost Filtering

Let ( , ) denote the blurred image, unsharp masking is

                   ( , ) ( , ) ( , )
Then add a weighted portion of the mask back to the original
          ( , ) ( , ) * ( , )      

mask

mask

f x y

g x y f x y f x y

g x y f x y k g x y

 

   0k 

when 1, the process is referred to as highboost filtering.k 
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Unsharp Masking: DemoUnsharp Masking: Demo
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Unsharp Masking and Highboost Filtering: ExampleUnsharp Masking and Highboost Filtering: Example
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Image Sharpening based on First-Order DerivativesImage Sharpening based on First-Order Derivatives

For function ( , ), the gradient of  at coordinates ( , )
is defined as 

              grad( ) x

y

f x y f x y

f
g xf f

fg
y

 
           
  

2 2

The  of vector , denoted as ( , )

                ( , ) mag( ) x y

magnitude f M x y

M x y f g g



   Gradient Image
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Image Sharpening based on First-Order DerivativesImage Sharpening based on First-Order Derivatives

2 2

The  of vector , denoted as ( , )

                ( , ) mag( ) x y

magnitude f M x y

M x y f g g



   

( , ) | | | |x yM x y g g 

zz11 zz22 zz33

zz44 zz55 zz66

zz77 zz88 zz99

8 5 6 5( , ) | | | |M x y z z z z   
M(5)=
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Image Sharpening based on First-Order DerivativesImage Sharpening based on First-Order Derivatives

zz11 zz22 zz33

zz44 zz55 zz66

zz77 zz88 zz99

9 5 8 6

Roberts Cross-gradient Operators
( , ) | | | |M x y z z z z   

7 8 9 1 2 3

3 6 9 1 4 7

Sobel Operators
( , ) | ( 2 ) ( 2 ) |

                | ( 2 ) ( 2 ) |
M x y z z z z z z

z z z z z z
     

     
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Image Sharpening based on First-Order DerivativesImage Sharpening based on First-Order Derivatives
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Example:

Combining 
Spatial 
Enhancement 
Methods

Goal: 

Enhance the 
image by 
sharpening it 
and by bringing 
out more of the 
skeletal detail



What is mirroring and padding?What is mirroring and padding?
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  Digital Image ProcessingDigital Image Processing

Morphological Image ProcessingMorphological Image Processing
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IntroductionIntroduction

► Morphology: a branch of biology that deals with the form 
and structure of animals and plants

► Mathematical morphologyMathematical morphology is a tool for extracting image  is a tool for extracting image 
components useful in the representation and description of components useful in the representation and description of 
region shape, such as boundaries, skeletons and convex region shape, such as boundaries, skeletons and convex 
hulls. The language of mathematical morphology is set hulls. The language of mathematical morphology is set 
theory, and as such it can apply directly to binary (two-theory, and as such it can apply directly to binary (two-
level) imageslevel) images
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Preliminaries (1)Preliminaries (1)

► Reflection

► Translation





The reflection of a set , denoted ,  is defined as

            { | , for }

B B

B w w b b B   

1 2The translation of a set  by point ( , ), denoted ( ) ,  
is defined as
           ( ) { | , for }

Z

Z

B z z z B

B c c b z b B



   

Language of mathematical Morphological is Set Theory. 

B is the set of pixels  (2-D points) representing an object in image. And b is 
co-ordinate of the pixel 
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Example: Reflection and TranslationExample: Reflection and Translation
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Examples: Structuring Elements (1)Examples: Structuring Elements (1)

origin

Structure elements (SE):  Small sets or sub-images used to probe an 
image under study for properties of interest
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Examples: Structuring Elements (2)Examples: Structuring Elements (2)
Accommodate the 
entire structuring 
elements when its 
origin is on the 
border of the 
original set A

Origin of B visits 
every element of A

At each location of 
the origin of B, if B 
is completely 
contained in A, 
then the location is 
a member of the 
new set, otherwise 
it is not a member 
of the new set.
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Erosion: Erosion: It shrinks or thins object in binary imageIt shrinks or thins object in binary image

 

2With  and  as sets in , the erosion of  by , denoted     ,
defined
                      | ( )Z

A B Z A B A B

A B z B A 

The set of all points  such that , translated by , is contained by .z B z A

     | ( ) c
ZA B z B A  



ErosionErosion The basic effect of erosion operator on a binary image is  The basic effect of erosion operator on a binary image is 
to erode away the boundaries of foreground pixels (usually the to erode away the boundaries of foreground pixels (usually the 

white pixels). white pixels). 

► Thus areas of foreground pixels shrink in size, and "holes" within those areas Thus areas of foreground pixels shrink in size, and "holes" within those areas 
become larger.become larger.

► Mathematically, erosion of set Mathematically, erosion of set AA by set  by set BB is a set of all points  is a set of all points xx such  such 
that that BB translated by  translated by xx is still contained in  is still contained in AA..

► To compute the erosion of a binary input image by this structuring element, To compute the erosion of a binary input image by this structuring element, 
we consider each of the foreground pixels in the input image in turn. For each we consider each of the foreground pixels in the input image in turn. For each 
input pixel we superimpose the structuring element on top of the input image input pixel we superimpose the structuring element on top of the input image 
so that the origin of the structuring element coincides with the input pixel so that the origin of the structuring element coincides with the input pixel 
coordinates.coordinates.

► With the structuring element chosen as above, the effect of this operation is to With the structuring element chosen as above, the effect of this operation is to 
remove any foreground pixel that is not completely surrounded by other remove any foreground pixel that is not completely surrounded by other 
foreground pixels, assuming 8-connectedness. We can also see that this foreground pixels, assuming 8-connectedness. We can also see that this 
operation can be performed on binary images simply by applying a logical AND operation can be performed on binary images simply by applying a logical AND 
function.function.
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Example Example 
of of 

Erosion Erosion 
(1)(1)
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Example Example 
of of 

Erosion Erosion 
(2)(2)



► The The dilationdilation is the other of the two basic operators in mathematical  is the other of the two basic operators in mathematical 
morphology, the first one being morphology, the first one being erosion. The basic effect of dilation on binary . The basic effect of dilation on binary 
images is to enlarge the areas of foreground pixels (images is to enlarge the areas of foreground pixels (i.e.i.e. white pixels) at their  white pixels) at their 
borders. The areas of foreground pixels thus grow in size, while the borders. The areas of foreground pixels thus grow in size, while the 
background "holes" within them shrink.background "holes" within them shrink.

► Mathematically, erosion of Mathematically, erosion of AA by  by BB is the set of all  is the set of all xx displacement such  displacement such 
that that BB and  and AA overlap by at least one non-zero element. overlap by at least one non-zero element.

► Again let us take a 3x3 matrix for the structuring element, with the center pixel Again let us take a 3x3 matrix for the structuring element, with the center pixel 
used as the origin of the set. used as the origin of the set. BB, then the dilation can be performed using the , then the dilation can be performed using the 
logical OR function:logical OR function:

06/28/24 11

http://www.inf.u-szeged.hu/ssip/1996/morpho/morphology.html#bin-erode
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Dilation :Dilation :It grows or thickens the object in binary imageIt grows or thickens the object in binary image

  

2With  and  as sets in , the dilation of  by , 
denoted , is defined as

               A B= |
z

A B Z A B
A B

z B A



  

The set of all displacements , the translated  and 
overlap by at least one element.

z B A

  |
z

A B z B A A      
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Examples of Dilation (1)Examples of Dilation (1)
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Examples of Dilation (2)Examples of Dilation (2)



06/28/24 15

DualityDuality

► Erosion and dilation are duals of each other with respect to 
set complementation and reflection

    

  

  

                

                

c c

c c

A B A B
and

A B A B

  

  
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Opening and ClosingOpening and Closing

► Opening generally smoothes the contour of an object,
► Smooths convex part of the object

► Closing tends to smooth sections of contours but it fuses 
narrow breaks and long thin gulfs, eliminates small holes, 
and fills gaps in the contour,

► Smooths concave part of the object
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Opening and ClosingOpening and Closing

 

The opening of set  by structuring element ,
denoted , is defined as
           

A B
A B
A B A B B  





Union of all translates of B that fits into A ( B as ball rolls inside the boundary 
of A. Smooths convex part of the object

=>

Intersection of all translates of B such that B and A overlap by at least 
one non-zero element.( B as ball rolls outside the boundary of A..
Smooths concave part of the object
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Example: OpeningExample: Opening
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Example: ClosingExample: Closing
Intersection of all translates of B that fits into A ( B as ball 
rolls outside the boundary of A..
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The Properties of Opening and ClosingThe Properties of Opening and Closing

►   Properties of Opening

►  Properties of Closing

(a)  is a subset (subimage) of 
(b) if  is a subset of , then  is a subset of 
(c) ( )

A B A
C D C B D B
A B B A B



 

  

(a)  is subset (subimage) of 
(b) If  is a subset of , then  is a subset of 
(c) ( )

A A B
C D C B D B
A B B A B



 

  



  M
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The Hit-or-Miss The Hit-or-Miss 
TransformationTransformation

   

if  denotes the set composed of
 and its background,the match 

(or set of matches) of  in , 
denoted ,

* c

B
D

B A
A B

A B A D A W D



      

 

 

1 2

1

2

1 2

          ,
         : object
         : background

( )c

B B B
B
B

A B A B A B



    
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Some Basic Morphological Algorithms (1)Some Basic Morphological Algorithms (1)

► Boundary Extraction
   The boundary of a set A, can be obtained by first eroding A 

by B and then performing the set difference between A 
and its erosion.

  

  

 ( )A A A B   
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Example 1Example 1
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Example 2Example 2
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Some Basic Morphological Algorithms (2)Some Basic Morphological Algorithms (2)

► Hole Filling
    A hole may be defined as a background region surrounded 

by a connected border of foreground pixels.

    Let A denote a set whose elements are 8-connected 
boundaries, each boundary enclosing a background region 
(i.e., a hole). Given a point in each hole, the objective is to 
fill all the holes with 1s.  
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Some Basic Morphological Algorithms (2)Some Basic Morphological Algorithms (2)

► Hole Filling
    1.  Forming an array X0 of 0s (the same size as the array 

containing A), except the locations in X0 corresponding to 
the given point in each hole, which we set to 1.

    2.  Xk = (Xk-1 + B)   Ac       k=1,2,3,…

    Stop the iteration if Xk = Xk-1


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Example Example 
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Some Basic Morphological Algorithms (3)Some Basic Morphological Algorithms (3)

► Extraction of Connected Components
    Central to many automated image analysis applications.

    Let A be a set containing one or more connected 
components, and form an array X0 (of the same size as the 
array containing A) whose elements are 0s, except at each 
location known to correspond to a point in each connected 
component in A, which is set to 1.
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Some Basic Morphological Algorithms (3)Some Basic Morphological Algorithms (3)

► Extraction of Connected Components
    Central to many automated image analysis applications.

    1

-1

( )
: structuring element

until 

k k

k k

X X B A
B

X X

  


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►Thank YouThank You
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Image Restoration and Image Restoration and 
ReconstructionReconstruction

K K SinghK K Singh
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Image RestorationImage Restoration

► Image restoration: recover an image that has been 
degraded by using a prior knowledge of the degradation 
phenomenon.

► Model the degradation and applying the inverse process in 
order to recover the original image.
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A Model of Image Degradation/Restoration A Model of Image Degradation/Restoration 
Process  Process  

►DegradationDegradation
 Degradation function HDegradation function H
 Additive noiseAdditive noise ),( yx
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A Model of Image Degradation/Restoration A Model of Image Degradation/Restoration 
Process  Process  

If  is a  process, then 
the degraded image is given in the spatial domain by
           ( , ) ( , )   ( , ) ( , )

H linear, position-invariant

g x y h x y f x y x y 
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Noise Sources  Noise Sources  

► The principal sources of noise in digital images arise during 
image acquisition and/or transmission  

 Image acquisition
    e.g., light levels, sensor temperature, etc.

 Transmission
    e.g., lightning or other atmospheric disturbance in wireless 

network



06/28/24 6

Noise Models Noise Models 

►White noise
 The Fourier spectrum of noise is constant

► With the exception of spatially periodic noise, we assume
 Noise is independent of spatial coordinates
 Noise is uncorrelated with respect to the image itself
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Noise Models Noise Models 
 Gaussian noise
    Electronic circuit noise, sensor noise due to poor illumination and/or 

high temperature

 Rayleigh noise
     Range imaging: a collection of techniques that are used to produce a 

2D image showing the distance to points in a scene from a specific 
point point 

 Erlang (gamma) noise:   Laser imaging

 Exponential noise:    Laser imaging

 Uniform noise:   Least descriptive;    Basis for numerous random 
number generators

 Impulse noise: quick transients,  such as faulty switching 
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Gaussian Noise  Gaussian Noise  

2 2( ) /2

The PDF of Gaussian random variable, z, is given by
1                      ( )

2
z zp z e 


 

 70% of its values will be in the range

 95% of its values will be in the range

 )(),(  

 )2(),2(  
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Rayleigh Noise  Rayleigh Noise  

2( ) /     

The PDF of Rayleigh noise is given by
2 ( ) for 

        ( )
0                          for 

z a bz a e z a
p z b

z a

    
 

2

The mean and variance of this density are given by

            / 4
(4 )           

4

z a b
b




 



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Erlang (Gamma) Noise  Erlang (Gamma) Noise  

1
    

The PDF of  Erlang noise is given by

       for 0
        ( ) ( 1)!

0                          for 

b b
aza z e z

p z b
z a




 
 

2 2

The mean and variance of this density are given by

            /
           /

z b a
b a




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Exponential Noise  Exponential Noise  

    

The PDF of  exponential noise is given by

         for 0        ( )
0                  for 

azae z
p z

z a

 
 



2 2

The mean and variance of this density are given by

            1 /
           1 /

z a
a




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Uniform Noise  Uniform Noise  

The PDF of  uniform noise is given by
1          for a

        ( )
0                  otherwise

z b
p z b a

   


2 2

The mean and variance of this density are given by

            ( ) / 2
           ( ) /12

z a b
b a

 

 
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Impulse (Salt-and-Pepper) Noise  Impulse (Salt-and-Pepper) Noise  

The PDF of  (bipolar) impulse noise is given by
          for 

        ( )           for 
0          otherwise

a

b

P z a
p z P z b


 



If either  or  is zero, the impulse noise is calleda bP P
unipolar

if ,  gray-level  will appear as a light dot, 
while level  will appear like a dark dot.

b a b
a


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Examples of Noise: Noisy Images(1)Examples of Noise: Noisy Images(1)    
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Examples of Noise: Noisy Images(2)Examples of Noise: Noisy Images(2)    
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Periodic NoisePeriodic Noise    

► Periodic noise in an image arises typically from electrical or 
electromechanical interference during image acquisition.

► It is a type of spatially dependent noise

► Periodic noise can be reduced significantly via frequency 
domain filtering
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An Example of Periodic NoiseAn Example of Periodic Noise    
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Estimation of Noise Parameters (1)Estimation of Noise Parameters (1)    
The shape of the histogram identifies the closest PDF match
 from the histogram plot of a small background strip of the image
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Estimation of Noise Parameters (2)Estimation of Noise Parameters (2)    

Consider a subimage denoted by , and let ( ), 0,  1,  ...,  -1,  
denote the probability estimates of the intensities of the pixels in . 
The mean and variance of the pixels in :

                   

s iS p z i L
S

S



1

0
1

2 2

0

     ( )   

and                  ( ) ( )   

L

i s i
i

L

i s i
i

z z p z

z z p z











 




For Gaussian, we need mean and variance, and for other distributions we 
calculate a and b.
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Restoration in the Presence of Noise Only and Restoration in the Presence of Noise Only and 
the noise is not periodic is to usethe noise is not periodic is to use

̶̶  Spatial Filtering  Spatial Filtering    
Noise model without degradation
         ( , ) ( , ) ( , )
and
        ( , ) ( , ) ( , )                       

g x y f x y x y

G u v F u v N u v

 

 
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Spatial Filtering: Mean Filters (1)Spatial Filtering: Mean Filters (1)  

Let  represent the set of coordinates in a rectangle 
subimage window of size , centered at ( , ).

xyS
m n x y



( , )

Arithmetic mean filter
1                ( , ) ( , )

xys t S
f x y g s t

mn 

 
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Spatial Filtering: Mean Filters (2)Spatial Filtering: Mean Filters (2)  



1

( , )

Geometric mean filter

                ( , ) ( , )
xy

mn

s t S
f x y g s t



 
  
  


Generally, a geometric mean filter achieves smoothing 
comparable to the arithmetic mean filter, but it tends to 
lose less image detail in the process
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Spatial Filtering: Mean Filters (3)Spatial Filtering: Mean Filters (3)  



( , )

Harmonic mean filter

                ( , ) 1
( , )

xys t S

mnf x y

g s t




It works well for salt noise, but fails for pepper noise.
It does well also with other types of noise like Gaussian 
noise.
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Spatial Filtering: Mean Filters (4)Spatial Filtering: Mean Filters (4)  



1

( , )

( , )

Contraharmonic mean filter
( , )

                ( , )
( , )

xy

xy

Q

s t S
Q

s t S

g s t
f x y

g s t












Q is the order of the filter.

It is well suited for reducing the effects of salt-and-
pepper noise. Q>0 for pepper noise and Q<0 for salt 
noise. 
 If Q=0, it is arithmetic mean, If Q=-1, it is harmonic 
mean
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Spatial Filtering: Example (1)Spatial Filtering: Example (1)
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Spatial Filtering: Example (2)Spatial Filtering: Example (2)
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Spatial Filtering: Example (3)Spatial Filtering: Example (3)
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Spatial Filtering: Order-Statistic Filters (1)Spatial Filtering: Order-Statistic Filters (1)  

  
( , )

Max filter

                ( , ) max ( , )
xys t S

f x y g s t




  
( , )

Median filter

                ( , ) ( , )
xys t S

f x y median g s t




  
( , )

Min filter

                ( , ) min ( , )
xys t S

f x y g s t




Suitable for 
Impluse noise

Suitable for Pepper 
noise

Suitable for salt 
noise

    
( , )( , )

Midpoint filter
1      ( , ) max ( , ) min ( , )
2 xyxy s t Ss t S

f x y g s t g s t


    

Suitable for 
Gaussian 
noise
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Linear, Position-Invariant DegradationsLinear, Position-Invariant Degradations  

 

 

An operator having the input-output relationship
( , ) ( , )  is said to be position invariant

if
       ( , ) ( , )
for any ( , ) and any  and .

g x y H f x y

H f x y g x y
f x y

   

 



    

     1 2 1 2

1 2

 is linear
( , ) ( , ) ( , ) ( , )

 and  are any two input images.

H
H af x y bf x y aH f x y bH f x y
f f

  
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Linear, Position-Invariant DegradationsLinear, Position-Invariant Degradations  
( , ) ( , ) ( , )f x y f x y d d      

 

 
   

 

 

 

Assume for a moment that ( , ) 0
if  is a linear operator,

( , ) ( , )

( , ) ( , )

( , ) ( , )

( , ) ( , )

x y
H

g x y H f x y

H f x y d d

H f x y d d

f H x y d d



      

      

      

 

 

 

 

 

 





     

  

  

 

 
  Impulse 

response

Superposition (or 
Fredholm) 

integral of the 
first kind
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Mathematical Modeling (1)Mathematical Modeling (1)

► Environmental conditions cause degradation
   
    A model about atmospheric turbulence 
   
     2 2 5/6( )           ( , )

:  a constant that depends on
     the nature of the turbulence

k u vH u v e
k

 
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Mathematical Modeling (2)Mathematical Modeling (2)

► Derive a mathematical model from basic principles  

   E.g., An image blurred by uniform linear motion between 
the image and the sensor during image acquisition
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Mathematical Modeling (3)Mathematical Modeling (3)

0 0

Suppose that an image ( , ) undergoes planar motion, 
( ) and ( ) are the time-varying components of motion 

in the - and -directions, respectively.
The optical imaging process is perfect. T is th

f x y
x t y t

x y

 0 00

e duration
of the exposure. The blurred image ( , ) 

            ( , ) ( ), ( )
T

g x y

g x y f x x t y y t dt  
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Mathematical Modeling (4)Mathematical Modeling (4)

 

 

 

0 00

2 ( )

2 ( )
0 00

2 ( )
0 00

( , ) ( ), ( )

( , ) ( , )

           ( ), ( )

           ( ), ( )

         

T

j ux vy

T j ux vy

T j ux vy

g x y f x x t y y t dt

G u v g x y e dxdy

f x x t y y t dt e dxdy

f x x t y y t e dxdy dt







   

 

   

 

   

 

  



     
     


 

  

  
 

 

0 0

0 0

2 ( ) ( )

0

2 ( ) ( )

0

  ( , )

           ( , )

T j ux t vy t

T j ux t vy t

F u v e dt

F u v e dt





 

 







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Mathematical Modeling (4)Mathematical Modeling (4)

 0 0

0

2 ( ) ( )

0

0

2 ( )

0

                 ( , )

Suppose that the image undergoes uniform linear motion 
in the -direction only, at a rate given by ( ) / .

                  ( , )

  

T j ux t vy t

T j ux t

H u v e dt

x x t at T

H u v e dt





 












2 /

0
                           

                             sin( )

T j uat T

j ua

e dt

T ua e
ua















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Mathematical Modeling (5)Mathematical Modeling (5)

 0 0

0 0

2 ( ) ( )

0

Suppose that the image undergoes uniform linear motion 
in the -direction and -direction, at a rate given by 

( ) /  and ( ) /

           ( , )

                      

T j ux t vy t

x y
x t at T y t bt T

H u v e dt

e

 

 







 

2 [ ] /

0

( )                      sin ( )
( )

T j ua vb t T

j ua vb

dt

T ua vb e
ua vb






 

  



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Minimum Mean Square Error (Wiener) Minimum Mean Square Error (Wiener) 
FilteringFiltering

        

 N. Wiener (1942)

 Objective
     Find an estimate of the uncorrupted image such that the mean 

square error between them is minimized

 2 2( )e E f f 
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Minimum Mean Square Error (Wiener) Minimum Mean Square Error (Wiener) 
FilteringFiltering

        


2

2

The minimum of the error function is given in the frequency domain
by the expression

*( , ) ( , )
            ( , ) ( , )

( , ) | ( , ) | ( , )

*( , )                      
| ( , ) | ( ,

f

f

H u v S u v
F u v G u v

S u v H u v S u v

H u v
H u v S u v





 
  

  




2

2

( , )
) / ( , )

1 | ( , ) |                      ( , )
( , ) | ( , ) | ( , ) / ( , )

f

f

G u v
S u v

H u v G u v
H u v H u v S u v S u v

 
 
  
 

  
  
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Minimum Mean Square Error (Wiener) Minimum Mean Square Error (Wiener) 
FilteringFiltering

        


2

2

2

2

1 | ( , ) | ( , ) ( , )
( , ) | ( , ) | ( , ) / ( , )

( , ) : degradation function
*( , ): complex conjugate of ( , )

| ( , ) | *( , ) ( , )
( , ) | ( , ) | power spectrum of the noise

( ,

f

f

H u vF u v G u v
H u v H u v S u v S u v

H u v
H u v H u v
H u v H u v H u v

S u v N u v

S u v





 
  

  



 
2) | ( , ) | power spectrum of the undegraded imageF u v 
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Minimum Mean Square Error (Wiener) Minimum Mean Square Error (Wiener) 
FilteringFiltering

        
2

2
1 | ( , ) | ( , ) ( , )

( , ) | ( , ) |

 is a specified constant. Generally, the value of K
is chosen interactively to yield the best visual results.

H u vF u v G u v
H u v H u v K

K

 
   
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Minimum Mean Square Error (Wiener) Minimum Mean Square Error (Wiener) 
FilteringFiltering
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Some Measures (1)Some Measures (1)

        1 1
2

0 0
1 1

2

0 0

 Singal-to-Noise Ratio (SNR)

| ( , ) |
                  

| ( , ) |

This ratio gives a measure of the level of information
bearing singal power to the level of noise power.

M N

u v
M N

u v

F u v
SNR

N u v

 

 
 

 





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Some Measures (2)Some Measures (2)

        





21 1

0 0

1 1
2

0 0
1 1

2

0 0

 Mean Square Error (MSE)

1          MSE= ( , ) ( , )

Root-Mean-Sqaure-Error (RMSE)

( , )
          RMSE

| ( , ) ( , ) |

M N

x y

M N

u v
M N

u v

f x y f x y
MN

f x y

f x y f x y

 

 

 

 
 

 

  









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Constrained Least Squares FilteringConstrained Least Squares Filtering

        
► In Wiener filter, the power spectra of the undegraded 

image and noise must be known. Although a constant 
estimate is sometimes useful, it is not always suitable.

► Constrained least squares filtering just requires the mean 
and variance of the noise.
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Constrained Least Squares FilteringConstrained Least Squares Filtering

        
2 2
*( , )( , ) ( , )

| ( , ) | | ( , ) |

( , ) is the Fourier transform of the function
0 1 0

        ( , ) 1 4 1
0 1 0

 is a parameter

H u vF u v G u v
H u v P u v

P u v

p x y





 
   

 
    
  
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ExamplesExamples

        



Color Image Processing

K K Singh



Preview
 Why use color in image processing?

 Color is a powerful descriptor
 Object identification and extraction
 eg. Face detection using skin colors

 Humans can discern thousands of color shades and 
intensities

 c.f. Human discern only two dozen shades of grays



Visible light
 Chromatic light span the electromagnetic 

spectrum (EM) from 400 to 700 nm



Physical quantities to describe 
a chromatic light source

 Radiance: total amount of energy that flow from 
the light source, measured in watts (W)

 Luminance: amount of energy an observer 
perceives from a light source, measured in 
lumens (lm)
 Far infrared light: high radiance, but 0 luminance

 Brightness: subjective descriptor that is hard to 
measure, similar to the achromatic notion of 
intensity



How human eyes sense light?
 6~7M Cones are the sensors in the eye
 3 principal sensing categories in eyes

 Red light 65%, green light 33%, and blue 
light 2%



Primary and secondary colors
 In 1931, CIE(International Commission on 

Illumination) defines specific wavelength 
values to the primary colors
 B = 435.8 nm, G = 546.1 nm, R = 700 nm



Secondary colors: G+B=Cyan, R+G=Yellow, R+B=Magenta



Color models
 Color model, color space, color system

 Specify colors in a standard way
 A coordinate system that each color is 

represented by a single point

 RGB model (monitor, video camera)
 CYM model  (printer)
 CYMK model
 HSI model

 Suitable for hardware or
applications

- match the human description



RGB color model



Pixel depth
 Pixel depth: the number of bits used to 

represent each pixel in RGB space
 Full-color image: 24-bit RGB color image

 (R, G, B) = (8 bits, 8 bits, 8 bits)



Safe RGB colors
 Subset of colors is enough for some 

application
 Safe RGB colors (safe Web colors, safe 

browser colors)

(6)3 = 216



Safe RGB color (cont.)

Safe color cubeFull color cube



CMY model (+Black = CMYK)
 CMY: secondary colors of light, or primary 

colors of pigments
 Used to generate hardcopy output


















































B
G
R

Y
M
C

1
1
1



HSI color model
 Will you describe a color using its R, G, B components?
 Human describe a color by its hue, saturation, and 

brightness
 Hue : color attribute, represents dominant color as 

perceived by an observer. 
 Saturation: purity of color (white->0, primary color->1), 

represents the relative purity or the amount of white 
mixed with a hue.

 Brightness: achromatic notion of intensity

 Hue and saturation together called chromaticity. 



3D-polar Coordinate Colour 
Spaces

 Hue (dominant colour seen) 
 Wavelength of the pure colour observed in the signal.
 Distinguishes red, yellow, green, etc.
 More the 400 hues can be seen by the human eye.

 Saturation (degree of dilution)
 Inverse of the quantity of “white” present in the signal. A pure 

colour has 100% saturation, the white and grey have 0% 
saturation.

 About 20 saturation levels are visible per hue. 
 Brightness

 Amount of light emitted.
 Distinguishes the grey levels.
 The human eye perceives about 100 levels.



HSI color model (cont.)
 RGB -> HSI model

Intensity
line

saturation

Colors on this triangle
Have the same hue



HSI model: hue and saturation





HSI model



    Color Image Processing
 RGB to HSI Conversion

1,,,0      where),(
3
1

 BGRIBGRI

BG
BGBRGR

BRGR
H 




   if      },

))(()(

)]()[(
2
1

{cos
2

1

HHelse  360......

}),,(min{31 BGR
BGR

S 






RGB to HSV conversion formula , As per cv2.COLOR_BGR2HSV
The R,G,B values are divided by 255 to change the range from 0..255 to 0..1:
R' = R/255
G' = G/255
B' = B/255
Cmax = max(R', G', B')
Cmin = min(R', G', B')
Δ = Cmax - Cmin
 
Hue calculation:
  
                                                                                                                                             
                                                                                                                                             
                                                                                                                                             
 Saturation calculation:
  
                                                                                                                                           
Value    calculation:  
V=Cmax                                                                                                   



 HSI to RGB Conversion

BRIG
H
HSIR

SIB








3

]
)60cos(

cos1[

)1(


 1200  assume  H

120,240120  HHHif



original R

G B
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Image Processing in Frequency Image Processing in Frequency 
DomainDomain
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OutlineOutline

► Fourier Series , Fourier Transform
► Convolution
► 2-D discrete Fourier transform
► Filtering in Fourier Transform Domain
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Fourier Series and Fourier TransformFourier Series and Fourier Transform
► Fourier Series
    Any periodic function can be expressed as the sum of 

sines and /or cosines of different frequencies, each 
multiplied by a different coefficients

► Fourier Transform
    Any function that is not periodic can be expressed as the 

integral of  sines and /or cosines multiplied by a weighing 
function



06/28/24 4

Preliminary ConceptsPreliminary Concepts

1,  a complex number
             
the conjugate 
             * -

j
C R jI

C R jI

 
 



2 2| |  and arctan( / )
                | | (cos sin )
Using Euler's formula,
                | |  j

C R I I R
C C j

C C e 


 

  
 


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Fourier SeriesFourier Series

2

A function ( ) of a continuous variable  that is periodic
with period, , can be expressed as the sum of sines and 
cosines multiplied by appropriate coefficients

                  ( )
nj t

T
n

n

f t t
T

f t c e




 

2/2

/2

where
1         ( )        for 0, 1, 2,...   

nT j t
T

n T
c f t e dt n

T





   

.n/
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Impulses and the Sifting Property (1)Impulses and the Sifting Property (1)
A   of a continuous variable  located 
at =0, denoted ( ), defined as

      if 0
                 ( )

0       if 0
and is constrained also to satisfy the identity

                 (

unit impulse t
t t

t
t

t







 
  

) 1t dt





The  

                 ( ) ( ) (0)

sifting property

f t t dt f





0( ) ( )f t t t dt



  0( )f t
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Impulses (Discrete) and the Sifting Property (2)Impulses (Discrete) and the Sifting Property (2)

A   of a discrete variable  located 
at =0, denoted ( ), defined as

1       if 0
                 ( )

0       if 0
and is constrained also to satisfy the identity

                 (

unit impulse x
x x

x
x

x

x








  

) 1
x






The  

           ( ) ( ) (0)
x

sifting property

f x x f





0 0( ) ( ) ( )

x
f x x x f x





 
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Impulses and the Sifting Property (3)Impulses and the Sifting Property (3)

  ( ),

        ( ) ( )

T

T
n

impulse train s t

s t t n T








  
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Fourier Transform:  Continuous VariableFourier Transform:  Continuous Variable

2

The   of a continous function ( )

         ( ) { ( )} ( ) j t

Fourier Transform f t

F f t f t e dt
 


   

1 2

The    of ( )

      ( ) { ( )} ( ) j t

Inverse Fourier Transform F

f t F F e d



  



   
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Fourier Transform: One Continuous VariableFourier Transform: One Continuous Variable

/22 2

/2

/22
/2

( ) ( )

2 2
sin( )

( )

Wj t j t

W

Wj t j W j W
W

F f t e dt Ae dt

A Ae e e
j j W

WAW
W

 

  



 




  

 

 



 

         



 
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Fourier Transform: ImpulsesFourier Transform: Impulses

2

2 0

The Fourier transform of a unit impulse located at the origin:

                  ( ) ( )

                          
                           =1

j t

j

F t e dt

e





 
 











0

0

2
0

2

0 0

The Fourier transform of a unit impulse located at :

                  ( ) ( )

                          
                           =cos(2 ) sin (2 )

j t

j t

t t

F t t e dt

e
t j t





 

 

 







 





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Fourier Transform and ConvolutionFourier Transform and Convolution
The convolution of two functions is denoted 
by the operator 

          ( )    ( ) ( ) ( )f t h t f h t d  



 

  2

2

2

2

( )    ( ) ( ) ( )

                      = ( ) ( )

                      = ( ) ( )

                      = ( ) ( )

 

j t

j t

j

j

f t h t f h t d e dt

f h t e dt d

f H e d

H f e d









  

  

  

  

  

 

  

 

 



 



     
   

  

 

 




                     = ( ) ( )H F 



06/28/24 13

Fourier Transform and ConvolutionFourier Transform and Convolution

( )   ( ) ( ) ( )f t h t H F 

( ) ( ) ( )   ( )f t h t H F 

Fourier Transform Pairs
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The Discrete Fourier Transform (DFT) of One The Discrete Fourier Transform (DFT) of One 
VariableVariable

1
2 /

0
( ) ( ) ,     0,1,..., 1

M
j x M

x
F f x e M 






  

1
2 /

0

1( ) ( ) ,       0,1, 2,..., 1
M

j x Mf x F e x M
M










  
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2-D Impulse and Sifting Property: Continuous2-D Impulse and Sifting Property: Continuous

       if 0
The impulse ( , ),        ( , )

0        otherwise

and         ( , ) 1

t z
t z t z

t z dtdz

 


 

 

  
 



 

0 0 0 0

The sifting property

        ( , ) ( , ) (0,0)

and

        ( , ) ( , ) ( , )

f t z t z dtdz f

f t z t t z z dtdz f t z





 

 

 

 



  

 

 



06/28/24 16

2-D Impulse and Sifting Property: Discrete2-D Impulse and Sifting Property: Discrete

1       if 0
The impulse ( , ),        ( , )

0        otherwise
x y

x y x y 
 

 


0 0 0 0

The sifting property

       ( , ) ( , ) (0,0)

and

        ( , ) ( , ) ( , )

x y

x y

f x y x y f

f x y x x y y f x y





 

 

 

 



  

 

 
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2-D Fourier Transform: Continuous2-D Fourier Transform: Continuous

2 ( )

2 ( )

       ( , ) ( , )

and

       ( , ) ( , )

j t z

j t z

F f t z e dtdz

f t z f e d d

  

  

 

   

   

 

  

 





 

 
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2-D Fourier Transform: Continuous2-D Fourier Transform: Continuous

2 ( )

/2 /2 2 ( )

/2 /2

( , ) ( , )

            

sin( ) sin( )            

j t z

T Z j t z

T Z

F f t z e dtdz

Ae dtdz

T TATZ
T T

  

  

 

 
 

   

 

 

 





         

 
 
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2-D Discrete Fourier Transform and Its 
Inverse

2 ( / / )1 1

0 0

DFT:

( , ) ( , )

0,1,2,..., 1; 0,1,2,..., 1;
( , ) is a digital image of size M N.

j x M y NM N

x y
F f x y e

M N
f x y

  

 

 

  

 



   




2 ( / / )1 1

0 0

IDFT:

1( , ) ( , )
j x M y NM N

x y
f x y F e

MN

  

 
 

 

 
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Properties of the 2-D DFT
relationships between spatial and frequency intervals

Let  and  denote the separations between samples,
then the seperations between the corresponding discrete,
frequency domain variables are given by

1              

1and        

T Z

M T

N Z





 

 


 

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Properties of the 2-D DFT
translation and rotation

0 0

0 0

2 ( / / )
0 0

2 ( / / )
0 0

  ( , ) ( , )
and       
 ( - , - ) ( , )

j x M y N

j x M y N

f x y e F

f x x y y F e

  

  

   

 



 

  



0 0

Using the polar coordinates
cos     y=rsin     = cos      = sin

results in the following transform pair:
           ( , ) ( , )

x r

f r F

       

    



  
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Properties of the 2-D DFT
periodicity 

1 2 1 2

2  Fourier transform and its inverse are infinitely periodic
( , ) ( , ) ( , ) ( , )
D

F F k M F k N F k M k N       


      

1 2 1 2( , ) ( , ) ( , ) ( , )f x y f x k M y f x y k N f x k M y k N      

02 ( / )
0( ) ( )j x Mf x e F    

0 / 2,     ( )( 1) ( / 2)xM f x F M    

( , )( 1) ( / 2, / 2)x yf x y F M N    
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Properties of the 2-D DFT
periodicity 
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Properties of the 2-D DFT
Symmetry 
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2-D Convolution Theorem 

1

0

1-D convolution 

             ( )   ( ) ( ) ( )
M

m
f x h x f m h x m





 

1 1

0 0

2-D convolution 

        ( , )   ( , ) ( , ) ( , )
M N

m n
f x y h x y f m n h x m y n

 

 

  

0,1,2,..., 1; 0,1,2,..., 1.x M y N   

( , )   ( , ) ( , ) ( , )f x y h x y F u v H u v

( , ) ( , ) ( , )   ( , )f x y h x y F u v H u v
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An Example of Convolution

Mirroring h 
about the 
origin

Translating 
the mirrored 
function by x

Computing 
the sum for 
each x
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An Example of Convolution

It causes the 
wraparoun

d error

It can be solved 
by appending 

zeros
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Zero Padding

► Consider two functions f(x) and h(x) composed of A and B 
samples, respectively

► Append zeros to both functions so that they have the same 
length, denoted by P, then wraparound is avoided by 
choosing

      
         P ≥A+B-1
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Zero Padding

► Let f(x,y) and h(x,y) be two image arrays of sizes A×B and 
C×D pixels, respectively. Wraparound error in their 
convolution can be avoided by padding these functions 
with zeros

( , )       0 -1  0 -1
( , )

0                   p

f x y x A and y B
f x y

A x P or B y Q
   

     

( , )       0 -1  0 -1
( , )

0                   p

h x y x C and y D
h x y

C x P or D y Q
   

     

Here 1; 1P A C Q B D     



06/28/24 30

Summary
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Summary
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Summary
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The Basic Filtering in the Frequency Domain

Why is the spectrum at 
almost ±45 degree  stronger 
than the spectrum at other 

directions?
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The Basic Filtering in the Frequency Domain

► Modifying the Fourier transform of an image 

► Computing the inverse transform to obtain the processed 
result

1( , ) { ( , ) ( , )}

( , ) is the DFT of the input image
( , ) is a filter function.

g x y H u v F u v

F u v
H u v

 
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The Basic Filtering in the Frequency Domain

► In a filter H(u,v) that is 0 at the center of the transform 
and 1 elsewhere, what’s the output image?
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The Basic Filtering in the Frequency Domain
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Correspondence Between Filtering in the 
Spatial and Frequency Domains (1)

2 2- /2

Let H(u) denote the 1-D frequency domain Gaussian filter

                               ( ) uH u Ae 

2 2 22

The corresponding filter in the spatial domain 

                    ( ) 2 xh x Ae   

1. Both components are Gaussian and real
2. The functions behave reciprocally
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Correspondence Between Filtering in the 
Spatial and Frequency Domains (3)
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1. Multiply ( , ) by (-1)  to center the frequency domain filterx y
ph x y 

Generate H(u,v)

2. Compute the forward DFT of the result in (1)

3. Set the real part of the resulting DFT to 0 to account for 
    parasitic real parts

4.  Multiply the result by (-1) ,  which is implicit when ( , ) 
    was moved to the center of ( , ).

u v

p

h x y
h x y


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0

0

Ideal Lowpass Filters (ILPF)
1    if ( , )

          ( , )
0    if ( , )

D u v D
H u v

D u v D


  

Image Smoothing Using Filter Domain Filters: 
ILPF

0

1/22 2

 is a positive constant and ( , ) is the distance between a point ( , ) 
 in the frequency domain and the center of the frequency rectangle

               ( , ) ( / 2) ( / 2)

D D u v u v

D u v u P v Q     
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Image Smoothing Using Filter Domain Filters: 
ILPF
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ILPF Filtering Example 
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 

0

2
0

Butterworth Lowpass Filters (BLPF) of order  and 
with cutoff frequency 

1          ( , )
1 ( , ) / n

n
D

H u v
D u v D




Image Smoothing Using Filter Domain Filters: 
BLPF
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2 2( , )/2

Gaussian Lowpass Filters (GLPF) in two dimensions is given 

                         ( , ) D u vH u v e 

Image Smoothing Using Filter Domain Filters: 
GLPF

2 2
0

0

( , )/2

By letting 

                 ( , ) D u v D

D

H u v e







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Image Smoothing Using Filter Domain Filters: 
GLPF
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Image Sharpening Using Frequency Domain 
Filters

   A highpass filter is obtained from a given lowpass filter 
using

( , ) 1 ( , )HP LPH u v H u v 

0

0

A 2-D ideal highpass filter (IHPL) is defined as
0    if ( , )

                ( , )
1    if ( , )

D u v D
H u v

D u v D


  
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Image Sharpening Using Frequency Domain 
Filters

 2
0

A 2-D Butterworth highpass filter (BHPL) is defined as
1                ( , )

1 / ( , ) nH u v
D D u v




2 2
0( , )/2

A 2-D Gaussian highpass filter (GHPL) is defined as

                ( , ) 1 D u v DH u v e 
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Selective Filtering: 
Bandreject and Bandpass Filters

( , ) 1 ( , )BP BRH u v H u v 
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Selective Filtering: 
Bandreject and Bandpass Filters



Digital Image ProcessingDigital Image Processing

Image CompressionImage Compression
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Relative Data RedundancyRelative Data Redundancy

► Let b and b’ denote the number of bits in two representations of 
the same information, the relative data redundancy R is 

           R = 1-1/C

    C is called the compression ratio, defined as

           C = b/b’

e.g., C = 10, the corresponding relative data redundancy of the larger 
representation is 0.9, indicating that 90% of its data is redundant
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Why do we need compression?Why do we need compression?

► Data storage

► Data transmission
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How can we implement compression?How can we implement compression?

► Coding redundancy
    Most 2-D intensity arrays contain more bits than are needed to represent 

the intensities

► Spatial redundancy: Spatial redundancy: elements that are duplicated within a structure, elements that are duplicated within a structure, 
such as pixels in a still image and bit patterns in a file. Exploiting spatial such as pixels in a still image and bit patterns in a file. Exploiting spatial 
redundancy is how compression is performed. redundancy is how compression is performed. 

► Temporal redundancy: Temporal redundancy: pixels in two video frames that have the same pixels in two video frames that have the same 
values in the same location. Exploiting temporal redundancy is one of the values in the same location. Exploiting temporal redundancy is one of the 
primary techniques in video compression.primary techniques in video compression.

► Irrelevant information
    Most 2-D intensity arrays contain information that is ignored by the human 

visual system
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Examples of RedundancyExamples of Redundancy
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Coding RedundancyCoding Redundancy

1

0

The average number of bits required to represent each pixel is

( ) ( ) 0.25(2) 0.47(1) 0.24(3) 0.03(3) 1.81
L

avg k r k
k

L l r p r bits




     
8 4.42

1.81
1 1/ 4.42 0.774

C

R

 

  
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Spatial and Temporal RedundancySpatial and Temporal Redundancy

1. All 256 intensities are equally probable. 
2. The pixels along each line are identical.
3. The intensity of each line was selected randomly.
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Spatial and Temporal RedundancySpatial and Temporal Redundancy

1. All 256 intensities are equally probable. 
2. The pixels along each line are identical.
3. The intensity of each line was selected randomly.

Run-length pair specifies the start of a new intensity and the 
number of consecutive pixels that have that intensity.
Each 256-pixel line of the original representation is replaced
by a single 8-bit intensity value and length 256 in the run-length
representation.

The compression ratio is 
256 256 8 128 :1

(256 256) 8
 


 
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Measuring Image InformationMeasuring Image Information

1 2

1 2

Given a source of statistically independent random events from a
discrete set of possible events { , ,  ...,  } with associated 
probabilities { ( ),  ( ),  ...,  ( )}, the average information 
per s

J

J

a a a
P a P a P a

1

ource output, called the entropy of the source

                    - ( ) log ( )

 is called source symbols. Because they are statistically independent, 
the source called  .

J

j j
j

j

H P a P a

a
zero memory source











06/28/24 10

Measuring Image InformationMeasuring Image Information

If an image is considered to be the output of an imaginary zero-memory
"intensity source", we can use the histogram of the observed image to
estimate the symbol probabilities of the source. The intensit

1

r r
0

r

y source's 
entropy becomes

                    - ( ) log ( )

( ) is the normalized histogram.

L

k k
k

k

H p r p r

p r





 

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Measuring Image InformationMeasuring Image Information

2 2 2 2

For the fig.8.1(a), 

[0.25log 0.25 0.47 log 0.47 0.25log 0.25 0.03log 0.03]
1.6614 bits/pixel

H 

   



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Image Compression ModelsImage Compression Models

Mapper: Reduce spatial and temporal redundancy e.g. run-length coding

Quantizer: Reduces the quality in accord with predefined fidality criteria  (irreversible)

Symbol coder: Generates a fixed or variable length code to represent  quantizer output.

Decoder, Inverse of Encoder’s Mapper and coder.
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Image Compression StandardsImage Compression Standards
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Some Basic Compression Methods:Some Basic Compression Methods:
Huffman CodingHuffman Coding
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Some Basic Compression Methods:Some Basic Compression Methods:
Huffman CodingHuffman Coding

The average length of this code is
  0.4*1 0.3*2 0.1*3 0.1*4 0.06*5 0.04*5

       = 2.2 bits/pixel
avgL      



Digital Image ProcessingDigital Image Processing

Image SegmentationImage Segmentation
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FundamentalsFundamentals

► Let R represent the entire spatial region occupied by an 
image. Image segmentation is a process that partitions R 
into n sub-regions, R1, R2, …, Rn, such that

    
1

(a)   .

(b)    is a connected set. 1,  2,  ...,  . 
(c)   .
(d)   ( ) TRUE for 1,  2,  ...,  . 
(e)   ( ) FALSE for any adjacent regions
        and .

n

ii

i

i j

i

i j

i j

R R

R i n
R R
R i n
R R

R R


 


  

 

 





Q

Q

Q is a compound stmt like “average intensity of the 
region is less than m and standard deviation of their 
intensity is Greater than s”.
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BackgroundBackground

► First-order derivative

► Second-order derivative

'( ) ( 1) ( )f f x f x f x
x


   



2

2 ( 1) ( 1) 2 ( )f f x f x f x
x


    


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Characteristics of First and Second Order Characteristics of First and Second Order 
DerivativesDerivatives

► First-order derivatives generally produce thicker edges in 
image

► Second-order derivatives have a stronger response to fine 
detail, such as thin lines, isolated points, and noise

► The sign of the second derivative can be used to 
determine whether a transition into an edge is from light 
to dark or dark to light.

► This isotropic (rotation invariant) filter
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Detection of  Points in 2-D spaceDetection of  Points in 2-D space

► The Laplacian
2 2

2
2 2( , )

( 1, ) ( 1, ) ( , 1) ( , 1)
4 ( , )

f ff x y
x y

f x y f x y f x y f x y
f x y

 
  

 
       


1    if | ( , ) |
( , )

0            otherwise
R x y T

g x y


 


9

1
k k

k
R w z





0 1 0

1 -4 1

0 1 0

1 1 1

1 -8 1

1 1 1
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Detecting Line in Specified DirectionsDetecting Line in Specified Directions

► Let R1, R2, R3, and R4 denote the responses of the masks. 
If, at a given point in the image, |Rk|>|Rj|, for all j≠k, that 
point is said to be more likely associated with a line in the 
direction of mask k.

Line Detection :Second derivatives to result in a stronger response 
and to produce thinner lines than first derivatives
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Edge DetectionEdge Detection

► Edges are pixels where the brightness function changes 
abruptly

► Edge models (Step edge, Ramp edge, roof edge model)
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Basic Edge Detection by Using First-Order Basic Edge Detection by Using First-Order 
DerivativeDerivative

2 2

1

  ( )

The magnitude of 

          ( , ) mag( )

The direction of 

          ( , ) tan

The direction of the edge
          - 90

x

y

x y

x

y

f
g xf grad f

fg
y

f

M x y f g g

f

gx y
g



 



 
           
  



   



 
  

  

 
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Basic Edge Detection by Using First-Order Basic Edge Detection by Using First-Order 
DerivativeDerivative

 Edge normal: ( )

Edge unit normal:        / mag( )

x

y

f
g xf grad f

fg
y

f f

 
           
  

 

In practice,sometimes the magnitude is approximated  by

mag( )= +  or mag( )=max | |,| |f f f ff f
x y x y

    
       
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Edge Linking and Boundary DetectionEdge Linking and Boundary Detection

► Edge detection typically is followed by linking algorithms 
designed to assemble edge pixels into meaningful edges 
and/or region boundaries

► Three approaches to edge linking
    Local processing
    Regional processing
    Global processing
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Local ProcessingLocal Processing

► Analyze the characteristics of pixels in a small 
neighborhood about every point (x,y) that has been 
declared an edge point 

► All points that similar according to predefined criteria are 
linked, forming an edge of pixels.

   Establishing similarity: (1) the strength (magnitude) and 
(2) the direction of the gradient vector. 

    A pixel with coordinates (s,t) in Sxy is linked to the pixel at 
(x,y) if both magnitude and direction criteria are satisfied.
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Local ProcessingLocal Processing

Let  denote the set of coordinates of a neighborhood
centered at point ( , ) in an image. An edge pixel with 
coordinate ( , ) in  is similar in  to the pixel
at ( , ) if
              ( ,

xy

xy

S
x y

s t S magnitude
x y

M s ) ( , )   
     

t M x y E 

An edge pixel with coordinate ( , ) in  is similar in 
to the pixel at ( , ) if
              ( , ) ( , )   
     

xys t S angle
x y

s t x y A  
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Local Processing: Steps (1)Local Processing: Steps (1)

1. Compute the gradient magnitude and angle arrays, 
M(x,y) and            , of the input image f(x,y)

2. Form a binary image, g, whose value at any pair of 
coordinates (x,y) is given by

( , )x y

1    if ( , )  and ( , )
( , )

0                                               otherwise
: threshold      :  specified angle direction

: a "band" of acceptable directions about A

M A

M

A

M x y T x y A T
g x y

T A
T

  
 

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Local Processing: Steps (2)Local Processing: Steps (2)

3. Scan the rows of g and fill (set to 1) all gaps (sets of 0s) 
in each row that do not exceed a specified length, K.

4. To detect gaps in any other direction, rotate g by this 
angle and apply the horizontal scanning procedure in 
step 3.
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ThresholdingThresholding
1                  if ( , )    (object point)

( , )
0         if ( , )    (background point)

: global thresholding

f x y T
g x y

f x y T
T


  

2

1 2

1

Multiple thresholding
            if ( , )

( , )      if  ( , )
              if ( , )

a f x y T
g x y b T f x y T

c f x y T


  
 
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The Role of Noise in Image ThresholdingThe Role of Noise in Image Thresholding
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Basic Global ThresholdingBasic Global Thresholding

1. Select an initial estimate for the global threshold, T.
2. Segment the image using T. It will produce two groups of pixels: G1 

consisting of all pixels with intensity values > T and G2 consisting of 
pixels with values     T.

3. Compute the average intensity values m1 and m2 for the pixels in 
G1 and G2, respectively.

4. Compute a new threshold value.

5. Repeat Steps 2 through 4 until the difference between values of T in 
successive iterations is smaller than a predefined parameter       .  

       



T

 1 1 2
2

T m m 
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Using Image Smoothing to Improve Global ThresholdingUsing Image Smoothing to Improve Global Thresholding
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Variable Thresholding Based on Local Image Variable Thresholding Based on Local Image 
PropertiesProperties

Let  and  denote the standard deviation and mean value
of the set of pixels contained in a neighborhood , centered
at coordinates ( ,  ) in an image. The local thresholds,
                   

xy xy

xy

xy

m
S

x y
T



  
If the background is nearly constant,
                     

xy xy

xy xy

a bm

T a bm





 

 

1                  if ( , )    
( , )

0                  if ( , )    
xy

xy

f x y T
g x y

f x y T


  
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a=30
b=1.5

mxy = mG 
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Region-Based SegmentationRegion-Based Segmentation

► Region Growing 

1. Region growing is a procedure that groups pixels or subregions into 
larger regions. 

2. The simplest of these approaches is pixel aggregation, which starts 
with a set of “seed” points and from these grows regions by 
appending to each seed points those neighboring pixels that have 
similar properties (such as gray level, texture, color, shape).

3. Region growing based techniques are better than the edge-based 
techniques in noisy images where edges are difficult to detect. 
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Region-Based SegmentationRegion-Based Segmentation

      Example: Example: Region Growing based on 8-connectivity 

( , ) :  input image array
( , ):   seed array containing 1s (seeds) and 0s
( , ):  predicate

f x y
S x y
Q x y

TRUE    if the absolute difference of the intensities 
         between the seed and the pixel at (x,y) is T
FALSE                                                      otherwise

Q

 


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Region Growing based on 8-connectivity
1. Find all connected components in ( , ) and erode each
   connected components to one pixel; label all such pixels 
   found as 1. All other pixels in S are labeled 0.
2. Form an image  such that, aQ

S x y

f t a pair of coordinates (x,y),
   let ( , ) 1 if the  is satisfied otherwise ( , ) 0.
3. Let  be an image formed by appending to each seed point
   in  all the 1-value points in   that are 8-con

Q Q

Q

f x y Q f x y
g
S f

 

nected to that
   seed point.
4. Label each connencted component in g with a different region
   label. This is the segmented image obtained by region growing.
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ExampleExample
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4-connectivity
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8-connectivity
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Region Splitting and MergingRegion Splitting and Merging
: entire image    :entire image   :  predicate

1. For any region , If ( ) = FALSE, 
    we divide the image  into quadrants.
2. When no further splitting is possible, 
    merge any adjacent regi

i

i i

i

R R Q

R Q R
R

ons  and 
    for which (   ) = TRUE.
3. Stop when no further merging is possible.

j k

j k

R R
Q R R

TRUE    if  and 0
FALSE                     otherwise

a m b
Q

   
 

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