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1a. 

 An image may be defined as a 2D function f(x,y), where x and y are the spatial coordinates and f is the 
intensity value at x and y. 

If x,y and f are all discrete, then the image is called as Digital Image. 

Fundamental Steps in Image Processing 

 



1. Image Acquisition: This is the first step or process of the fundamental steps of digital image 
processing. Image acquisition could be as simple as being given an image that is already in digital form. 
Generally, the image acquisition stage involves pre-processing, such as scaling etc. 

2. Image Enhancement: Image enhancement is among the simplest and most appealing areas of digital 
image processing. Basically, the idea behind enhancement techniques is to bring out detail that is 
obscured, or simply to highlight certain features of interest in an image. Such as, changing brightness & 
contrast etc. 

3. Image Restoration: Image restoration is an area that also deals with improving the appearance of an 
image. However, unlike enhancement, which is subjective, image restoration is objective, in the sense that 
restoration techniques tend to be based on mathematical or probabilistic models of image degradation. 

4. Color Image Processing: Color image processing is an area that has been gaining its importance 
because of the significant increase in the use of digital images over the Internet. This may include color 
modeling and processing in a digital domain etc. 

5. Wavelets and Multi-Resolution Processing: Wavelets are the foundation for representing images in 
various degrees of resolution. Images subdivision successively into smaller regions for data compression 
and for pyramidal representation. 

6. Compression: Compression deals with techniques for reducing the storage required to save an image 
or the bandwidth to transmit it. Particularly in the uses of internet it is very much necessary to compress 
data. 

8. Segmentation: Segmentation procedures partition an image into its constituent parts or objects. In 
general, autonomous segmentation is one of the most difficult tasks in digital image processing. A rugged 
segmentation procedure brings the process a long way toward successful solution of imaging problems 
that require objects to be identified individually. 

9. Representation and Description: Representation and description almost always follow the output of a 
segmentation stage, which usually is raw pixel data, constituting either the boundary of a region or all the 
points in the region itself. Choosing a representation is only part of the solution for transforming raw data 
into a form suitable for subsequent computer processing. Description deals with extracting attributes that 
result in some quantitative information of interest or are basic for differentiating one class of objects from 
another. 

10. Object recognition: Recognition is the process that assigns a label, such as,  “vehicle” to an object 
based on its descriptors. 

11. Knowledge Base: Knowledge may be as simple as detailing regions of an image where the 
information of interest is known to be located, thus limiting the search that has to be conducted in seeking 
that information. The knowledge base also can be quite complex, such as an interrelated list of all major 
possible defects in a materials inspection problem or an image database containing high-resolution 
satellite images of a region in connection with change-detection applications. 
1b. Image Sampling and Quantization: The output of most sensors is a continuous voltage waveform 
whose amplitude and spatial behavior are related to the physical phenomenon being sensed. To create a 
digital image, we need to convert the continuous sensed data into digital form. This involves two 
processes: sampling and quantization.  

1b.  
Basic Concepts in Sampling and Quantization:  The basic idea behind sampling and quantization is 
illustrated in Fig.6.1. Figure 6.1(a) shows a continuous image, f(x, y), that we want to convert to digital 
form. An image may be continuous with respect to the x- and y-coordinates, and also in amplitude. To 
convert it to digital form, we have to sample the function in both coordinates and in amplitude. Digitizing 
the coordinate 
values is called sampling. Digitizing the amplitude values is called quantization. 
 
The one-dimensional function shown in Fig.6.1 (b) is a plot of amplitude (gray level) values of the 
continuous image along the line segment AB in Fig. 6.1(a).The random variations are due to image noise. 



To sample this function, we take equally spaced samples along line AB, as shown in Fig.6.1 (c).The location 
of each sample is given by a vertical tick mark in the bottom part of the figure. The samples are shown as 
small white squares superimposed on the function. The set of these discrete locations gives the sampled 
function. However, the values of the samples still span (vertically) a continuous range of gray-level values. 
In order to form a digital function, the gray-level values also must be converted (quantized) into discrete 
quantities. The right side of 
Fig. 6.1 (c) shows the gray-level scale divided into eight discrete levels, ranging from black to white. The 
vertical tick marks indicate the specific value assigned to each of the eight gray levels. The continuous gray 
levels are quantized simply by assigning one of the eight discrete gray levels to each sample. The 
assignment is made depending on the vertical proximity of a sample to a vertical tick mark. The digital 
samples resulting from both sampling and quantization are shown in Fig.6.1 (d). Starting at the top of the 
image and carrying out this procedure line by line produces a two-dimensional digital image. 
 
Sampling in the manner just described assumes that we have a continuous image in both coordinate 
directions as well as in amplitude. In practice, the method of sampling is determined by the sensor 
arrangement used to generate the image. When an image is generated by a single sensing element 
combined with mechanical motion, as in Fig. 2.13, the output of the sensor is quantized in the manner 
described above. However, sampling is accomplished by selecting the number of individual mechanical 
increments at which we activate the sensor to collect data. Mechanical motion can be made very exact so, 
in principle; there is almost no limit as to how fine we can sample an image. However, practical limits are 
established by imperfections in the optics used to focus on the sensor an illumination spot that is 
inconsistent with the fine resolution achievable with mechanical displacements. When a sensing strip is 
used for image acquisition, the number of sensors in the strip establishes the sampling limitations in one 
image direction. Mechanical motion in the other direction can be controlled more accurately, but it makes 
little sense to try to achieve sampling density in one direction that exceeds the sampling limits established 
by the number of sensors in the other. Quantization of the sensor outputs completes the process of 
generating a digital image.  

 
Fig.6.1. Generating a digital image (a) Continuous image (b) A scan line from A to Bin the 
continuous image, used to illustrate the concepts of sampling and quantization (c) Sampling 
and quantization. (d) Digital scan line  
 
When a sensing array is used for image acquisition, there is no motion and the number of sensors 
in the array establishes the limits of sampling in both directions. Figure 6.2 illustrates this 

http://2.bp.blogspot.com/-Iq4GRXCvMIk/UT6JFbIlUAI/AAAAAAAAAHc/WfXDiIEjmJs/s1600/e+14.JPG


concept. Figure 6.2 (a) shows a continuous image projected onto the plane of an array sensor. 
Figure 6.2 (b) shows the image after sampling and quantization. Clearly, the quality of a digital 
image is determined to a large degree by the number of samples and discrete gray levels used in 
sampling and quantization. 

 
 
Fig.6.2. (a) Continuos image projected onto a sensor array (b) Result of image 
sampling and quantization. 

1c.  

Examples of Fields that use Digital Image processing. 

i. Gamma-Ray Imaging 
ii. X-Ray Imaging 
iii. Imaging in the Microwave Band: 
iv. Imaging in the Radio Band 
v. Imaging in the Visible band and Infrared band: 

2a.  

 Image Acquisition Using Sensor Strips: 

 A geometry that is used much more frequently than single sensors consists of an in-line arrangement of 
sensors in the form of a sensor strip, as Fig. 5.1 (b) shows. The strip provides 
imaging elements in one direction. Motion perpendicular to the strip provides imaging in the 
other direction, as shown in Fig. 5.3 (a).This is the type of arrangement used in most flat bed 
scanners. Sensing devices with 4000 or more in-line sensors are possible. In-line sensors are used 
routinely in airborne imaging applications, in which the imaging system is mounted on an 
aircraft that flies at a constant altitude and speed over the geographical area to be imaged. 
Onedimensional imaging sensor strips that respond to various bands of the electromagnetic spectrum are 
mounted perpendicular to the direction of flight. The imaging strip gives one line of an image  at a time, 
and the motion of the strip completes the other dimension of a two-dimensional image. Lenses or other 
focusing schemes are used to project the area to be scanned onto the sensors. 
 Sensor strips mounted in a ring configuration are used in medical and industrial imaging to obtain cross-
sectional (“slice”) images of 3-D objects, as Fig. 5.3 (b) shows. A rotating X-ray 
source provides illumination and the portion of the sensors opposite the source collect the X-ray 
energy that pass through the object (the sensors obviously have to be sensitive to X-ray 
energy).This is the basis for medical and industrial computerized axial tomography (CAT). It is 
important to note that the output of the sensors must be processed by reconstruction algorithms 
whose objective is to transform the sensed data into meaningful cross-sectional images. 

http://4.bp.blogspot.com/-mqbqMw4FFL8/UT6KajecTRI/AAAAAAAAAHk/lNlUMTvElDU/s1600/e+15.JPG


 In other words, images are not obtained directly from the sensors by motion alone; they require extensive 
processing. A 3-D digital volume consisting of stacked images is generated as the 
object is moved in a direction perpendicular to the sensor ring. Other modalities of imaging 
based on the CAT principle include magnetic resonance imaging (MRI) and positron emission 
tomography (PET).The illumination sources, sensors, and types of images are different, but 
conceptually they are very similar to the basic imaging approach shown in Fig. 5.3 (b). 
 

 
 Fig.5.3 (a) Image acquisition using a linear sensor strip (b) Image acquisition using a circular sensor strip. 
 

2b. 

Adjacency The concept of adjacency has a slightly different meaning from neighborhood. Adjacency takes 
into account not just spatial neighborhood but also intensity groups. Suppose we define a set S={0,L-1} of 
intensities which are considered to belong to the same group. Two pixels p and q will be termed adjacent 
if both of them have intensities from set S and both also conform to some definition of neighborhood. 4 
Adjacency: Two pixels p and q are termed as 4-adjacent if they have intensities from set S and q belongs to 
N4(p). 8 Adjacency Two pixels p and q are termed as 4-adjacent if they have intensities from set S and q 
belongs to N8(p). Mixed adjacency or m-adjacency : (there shouldn‟t be closed path) 

 

http://4.bp.blogspot.com/-u75WPESiFZs/UTahLmSWBdI/AAAAAAAAAGs/S2yX0EQLQCI/s1600/e+12.JPG


 

 

 

 

2c. 



 

3a. 

 

 

3b.  



IDEAL LOW PASS FILTERS [ILPF] 

 It is the simplest low pass filter that cuts-off all the high frequency components of the Fourier 
Transform that are at a distance greater than specified distance D0 from the origin of the (centered) 
Transform. 

 Such a filter is called a two dimensional Ideal Lowpass filter (2D – ILPF) and has a transfer function: 
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where; Do = Positive integer 

 D(u,v)  = Distance from point (u,v) to the origin of the frequency rectangle  

 Due to the fact that the transform has been centered, if the image is of the size M X N; w.k.t  its 
transform will also be of the same size. 

 Therefore, center of the frequency rectangle is at (u, v) = (M/2 , N/2) 
 The distance from any point (u,v) to the center of the Fourier Transform is given by: 
 

𝐷 𝑢, 𝑣 =     𝑢 −𝑀/2 2 +  𝑣 − 𝑁/2 2  

 Fig 4.10(a)  shows the 3D – perspective plot of H(u,v) as a function of u and v. Fig,4.10(b) shows H(u,v) 
displayed as an image.  

 Fig. 4.10 (c) shows the filter radial cross section. The filter is radially symmetric about the origin. 
Therefore, the cross section as a function of the distance from the origin along a radial line is sufficient 
to specify the filter. 

 

 

 

 For an ILPF cross section, the point of transition between H(u,v)=1and H(u,v)=0 is called the cut-off 
frequency. In 4.10(c), D0 is the cut-off frequency. 

 Due to sharp cut-off frequencies ideal low-pass filters cannot be realized using electronic components, 
they can be implemented in a computer. 

 One way to establish a set of standard cut-off frequency loci is to compute circles that enclose specified 
amounts of total power PT. 

 PT is obtained by summing the components of the power spectrum at each point (u,v) for u = 0,1,2...M-
1 and v=0,1,2,....N-1 as given: 
PT =   𝑃 𝑢, 𝑣 𝑁−1

𝑣=0
𝑀−1
𝑢=0  

 If the transform has been centered, a circle of radius r with its origin at the center of the frequency 
rectangle encloses α  percent of power where; 



𝛼 = 100   𝑃(𝑢, 𝑣)𝑣𝑢  / PT 
and the summation is taken over the values of (u, v) that lie inside the circle or on its boundary. 

BUTTERWORTH LOWPASS FILTERS [BLPF] 

 The transfer function of a Butterworth lowpass filter of order n and with a cut-off frequency at a 
distance D0 from the origin is defined as ; 
 

 

Where; D(u,v) is given by: 

𝐷 𝑢, 𝑣 =     𝑢 −𝑀/2 2 +  𝑣 − 𝑁/2 2  

 A perspective plot, image display and radial cross section of the BLPF function are shown  in Fig 4.14 

 
 

 Unlike ILPF, BLPF does not have a sharp discontinuity that establishes a clear cut-off between passed 
and filtered frequencies. 

 When D(u, v) = D0, H(u, v) = 0.5. That is, the filter is down to 50% of its maximum value 1. 
GAUSSIAN LOWPASS FILTERS [GLPF] 

 The transfer function for Gaussian lowpass filters for two dimensions is of the form: 

 

where; σ is the measure of spread of the Gaussian curve. 

 By letting σ = D0; the filter can be expressed as: 

 

where; D0 is the cut-off frequency and D(u,v) is given by: 

𝐷 𝑢, 𝑣 =     𝑢 −𝑀/2 2 +  𝑣 − 𝑁/2 2  

 When D(u, v) = D0, H(u, v) = 0.607. That is, the filter is down to 60.7% of its maximum value 1. 
 A perspective plot, image display and radial cross section of the GLPF function are shown  in Fig 4.17 
 The spatial domain of the Gaussian filter obtained by computing Inverse DFT of Gaussian filter transfer 

function H(u,v) has no ringing. 
 A Gaussian filter does not achieve as much smoothing as an BLPF of order n as it does not have a tight 

control over transition. 
 Thus, in cases where tight control of transition between high to low frequencies about cut-off 
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frequency are needed, then the BLPF presents a more suitable choice, but there is a possibility of 
ringing. 

 
 
 
 

4a  

The 2D DFT is given by 

𝐹 𝑢, 𝑣 =   𝑓 𝑥, 𝑦 𝑒
−𝑗2𝜋 

𝑢𝑥
𝑀

+
𝑣𝑦
𝑁
 

𝑁−1

𝑦=0

𝑀−1

𝑥=0

 

Where f(x,y) is a digital image of size MxN, u and v are discrete variables in the range 𝑢 = 0,1,2,… . ,𝑀 − 1 
and 𝑣 = 0,1,2,… .𝑁 − 1 

i. Translation Property 

𝑓 𝑥, 𝑦 𝑒
𝑗2𝜋 

𝑢0𝑥
𝑀

+
𝑣0𝑦
𝑁

 
 ↔ 𝐹(𝑢 − 𝑢0 , 𝑣 − 𝑣0) 

And  

𝑓(𝑥 − 𝑥0 , 𝑦 − 𝑦0) ↔ 𝐹 𝑢, 𝑣 𝑒
−𝑗2𝜋 

𝑥0𝑢
𝑀

+
𝑦0𝑣
𝑁

 
 

ii. Rotation Property  
𝑓 𝑟, 𝜃 + 𝜃0 ↔ 𝐹 𝑤, 𝜑 + 𝜃0  

iii. Periodicity Property 
𝐹 𝑢, 𝑣 = 𝐹 𝑢 + 𝑘1𝑀, 𝑣 = 𝐹 𝑢, 𝑘 + 𝑘2𝑁 = 𝐹(𝑢 + 𝑘1𝑀, 𝑣 + 𝑘2𝑁) 

iv. Convolution Theorem 

𝑓 𝑥, 𝑦 ∗ ℎ 𝑥, 𝑦 =   𝑓 𝑚, 𝑛 ℎ 𝑥 − 𝑚, 𝑦 − 𝑛 

𝑁−1

𝑛=0

 

𝑀−1

𝑚=0

, 𝑓𝑜𝑟 𝑥 = 0,1,2…𝑀 − 1𝑎𝑛𝑑 𝑦 = 0,1,2…𝑁 − 1 

 
  
 

4b. 
LOG TRANFORMATION 

• The general form of the log transformation : 
 s = c log(1+r) ,     where c is a constant and r is assumed as: r >= 0. 

• The details that are hidden in dark values are highlighted. 
• It is a monotonic and reversible process. 
• The transformation leads to only one curve. 



• The amount of expansion and compression to be done is fixed and cannot be changed. 
• It maps a narrow range of low intensity values in the input into a wider range of output values. 
• It compresses the dynamic range of image with large variation in grey level values. 

 

POWER LAW TRANSFORMATION 

 Power Law Transformation is given by 
s=cr

γ

where c and gamma are positive constants.  
 Variety of devices used for image capture, printing and display respond according to a power law.  
 The process used to correct this power-law response phenomena is called gamma correction.  
 Plots of s versus r for various values of gamma    are show in Fig. 

  
 Power-law curves with fractional values of   map a narrow range of dark input values into a wider 

range of output values, with the opposite being true for higher values of input levels.   
 Unlike the log function, here a family of possible transformation curves can be obtained simply by 

varying.  
 Curves generated with values of   > 1 have exactly the opposite effect as those generated with values of     

<1. 
 The above equation reduces to the identity transformation when c =    = 1. 



  
 

4c. 

 The derivative operator Laplacian for an Image is defined as 

 
For X-direction, 

 
For Y-direction, 

 
By substituting, Equations in Fig.B and Fig.C in Fig.A, we obtain the following equation 

 
The equation  represented in terms of Mask: 

0 1 0 

1 -4 1 

0 1 0 

When the diagonals also considered then the equation becomes, 
 

 
The Mask representation of the above equation, 

1 1 1 

1 -8 1 

1 1 1 
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https://3.bp.blogspot.com/-ch1Xd_xdizI/Uedsdp2Y71I/AAAAAAAAA5M/L_BUPknF43g/s1600/laplacian_FigC.JPG
https://2.bp.blogspot.com/-FInnNaCi7N8/UedseGOtsUI/AAAAAAAAA5U/ZZZkQ41BHxU/s1600/laplacian_FigD.JPG
https://1.bp.blogspot.com/-lCF-0Xj-fb0/UedsetzDEhI/AAAAAAAAA5Y/Ml8D1JNXpFg/s1600/laplacian_FigE.JPG


Now let’s discuss further how image sharpening is done using Laplacian. 
Equation: 

 
Where f(x,y)  is the input image 
              g(x,y) is the sharpened image and 
               c= -1 for the above mentioned filter masks.(fig.D and fig.E) 

 
5a.  
The Gaussian distribution is often used to describe, at least approximately, any variable that tends to 
cluster around the mean 𝑧  Gaussian distribution can be completely characterized by its mean 𝑧  and the 
standard deviation σ. 
The Gaussian function has certain very useful mathematical properties. It is symmetric around the point 
𝑧 = 𝑧 . The PDF of a gausian random variable, z , is given by 

𝑝 𝑧 =
1

√2𝜋𝜎
𝑒− 𝑧−𝑧  

2/2𝜎2
 

Where z represents the intensity, 𝑧  is the mean(average) value of z, 𝜎 is its standard deviation. The 
standard deviation squared, 𝜎2 is called the variance of z. approximately 70% of p(z) values will be in the 
range [(𝑧 − 𝜎 ),( 𝑧 + 𝜎 )] and 95% will be in the range [(𝑧 − 2𝜎 ),( 𝑧 + 2𝜎 )].  
The Gaussian model is suitable to model the electronic circuitry noise in image acquisition systems. It is 
also useful to characterize the sensor noise which can be due to factors like poor illumination or high 
temperature. 
 

 
The Rayleigh Distribution is left skewed distribution with light tails. An attractive feature of the Rayleigh 
distribution is that the mode can be estimated from the mean. The range is determined by the scale 
parameter b. Its skewness is constant. 
The PDF of Rayleigh noise is given by 

𝑝 𝑧 =  
2

𝑏
 𝑧 − 𝑏 𝑒− 

 𝑧−𝑎 2

𝑏     𝑓𝑜𝑟 𝑧 ≥ 𝑎

0                                𝑓𝑜𝑟 𝑧 < 𝑎 

  

The mean and variance of this density are given by 

𝑧 = 𝑎 +  𝜋𝑏/4  

And 

𝜎2 =
𝑏 4 − 𝜋 

4
 

The formula for Rayleigh distribution has 2 factors, the first one (z-a) is a linearly increasing term and the 

second one 𝑒− 
 𝑧−𝑎 2

𝑏  is an exponentially decaying term like the one in Gaussian. The second term also 
indicates that the parameter b plays a role similar to the variance. 

https://3.bp.blogspot.com/-xMkZLMnm0UI/UedsenYk-GI/AAAAAAAAA5o/nGS7qmimp9w/s1600/laplacian_FigF.JPG


The Rayleigh distribution is useful for modeling skewed distributions. The Rayleigh distribution is suitable 
for characterizing noise in range imaging. 
 
The Erlang distribution is also skewed like the Rayleigh distribution. Similar to the Rayleigh distribution, 
its formula shows two factors, the term zb-1 is responsible for the increase and the other term e-az is 
responsible for the exponential decay. The exponential decay in Erlang distribution is slower compared to 
Rayleigh because Rayleigh has a quadratic decay term. 
 

 The Erlang distribution is suitable for characterizing noise in range imaging. 
The PDF of Erlang noise is given by 

𝑝 𝑧 =  

𝑎𝑏𝑧𝑏−1 

 𝑏 − 1 !
𝑒−𝑎𝑧    𝑓𝑜𝑟 𝑧 ≥ 0

0 𝑓𝑜𝑟 𝑧 < 0

  

Where a>0, bis positive integer and “!” indicates factorial. 
The mean and variance of this density are given by 

𝑧 =
𝑏

𝑎
 

𝜎2 =
𝑏

𝑎2
 

Exponential noise is a special case of Erlang distribution with the parameter b = 1 
The PDF is given by 

𝑝 𝑧 =  
𝑎𝑒−𝑎𝑧     𝑓𝑜𝑟 𝑧 ≥ 0

0 𝑓𝑜𝑟 𝑧 < 0
  

Wher a>0. The mean and variance of this density function are given by 

𝑧 =
1

𝑎
 

And 𝜎2 =
1

𝑎2 

The uniform noise has a PDF which remains constant for specified bounds𝑎 ≤ 𝑧 ≤ 𝑏 of the noise 

amplitude. The constant value of probability is pegged at 
1

𝑏−1
 because the total area under the pdf curve is 

1. This noise is less practical and is used for random number generator. 
The PDF is given by 

𝑝 𝑧 =  
1

𝑏 − 𝑎
 𝑖𝑓 𝑎 ≤ 𝑧 ≤ 𝑏

𝑜              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

  

The mean and variance of this density function are given by 

𝑧 =
𝑎 + 𝑏

2
 

And 𝜎2 =
 𝑏−𝑎 2
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5b.  
The Wiener filter solves the signal estimation problem for stationary signals. The filter was introduced by 
Norbert Wiener in the 1940's. A major contribution was the use of a statistical model for the estimated 
signal. The noise present in the signal is reduced by comparison with an estimation of the desired 
noiseless signal. The filter is optimal in the sense of the minimum mean square error. The Wiener filtering 
approach takes into account both the degradation function and the noise characteristics for estimating the 
undegraded image. The Wiener filter computes an optimal estimate of the undegraded image. 
Assumptions: 

1. The power spectrum  of the noise is available. 

2. The power spectrum  of the original image is available. 
 



3. The image signal and the noise signal are uncorrelated. 
4. Either the image signal or the noise must have zero mean. 
5. The intensity levels in the restored image are a linear function of the levels in the degraded 
    image. 
Optimality Criteria 
The Wiener filter is a minimum mean square error filter. The optimality criteria is to minimize the 
expected value (i.e. the mean) of the square error between the original image f and the estimate of the un-

degradedimage   

Here the  denotes the expected value. 
The Wiener Filter expression 

                     

where  = degradation function 

         = complex conjugate of  

         =  

          =  = power spectrum of noise 

           =  = power spectrum of undegraded image 

 If the  is zero, the denominator will remain non-zero unless the noise power spectrum is 
also zero. This is an advantage over the inverse filter.  

 The problem with the Wiener filter is that it requires an estimate of  and . The 

latter quantity is difficult to guess because we don't have access to the original image . 

 In a simplified expression of the Wiener filter we assume that the ratio  is a constant K. 

                                        
 When restoring a degraded image using the Wiener filter, we can interactively adjust the value of K 

as per our visual assessment and obtain the most satisfactory restored image. 
 
6a. 
There are 3 principal ways to estimate the degradation function: 1) Observation. 2) Experimentation 3) 
Mathematical Modeling. The process of restoring an image by using degradation function that has been 
estimated in some way is called blind deconvolution. 
Estimation by Image Observation: This method of estimating the degradation function is used when we 
have absolutely no clue of what caused the image degradation. We just have the degraded image given to 



us. In order to restore the image we must have some idea of what the original image could be looking like. 
On the given degraded image we select a small patch which has relatively less noise and has good contrast. 
Following our guesswork, we attempt to restore this patch by applying image operations like sharpening, 
contrast or brightness adjustment, etc. Our objective here is to get the restored patch. It does not depend 
on what operations we apply and in what sequence. Let the Fourier transform of the degraded patch 

be  and that of the restored patch be  Then the Fourier transform of the degradation 

function  can be estimated as: 

  

Following our assumption that  is position invariant, the degradation function  will have 

the same basic shape as . However the scale of  will be larger compared to that 

of . 
Estimation by Experimentation: If the image acquisition system which was used to acquire the degraded 
image is available to us, then we can tune the system settings so that we get an image (not necessarily of 
the same scene/object) of similar degradation. The idea is to recover the same system settings which were 
responsible for producing the degradation which we want to estimate. Once we are able to achieve those 
system settings we need to know the response of the system to an impulse signal. An impulse can be 

simulated using a small bright dot of light. We record the system's response for this impulse as  in 
frequency domain. Since the Fourier transform of an impulse is a constant say  the frequency domain 

representation of the system transfer function, i.e. the degradation  is given as: 

                       
Estimation by Modeling: We can mathematically model the physical phenomena or the imaging 
conditions which lead to degraded images. This requires extensive research. For example, it has been 
possible to model the different type of blurring effects (low-pass filtering) due to various degrees of 
severity of atmospheric turbulence conditions. For simple cases of blurring due to image motion, it is 
possible to mathematically derive the degradation function 
 Estimating Degradation due to motion blur 
When we acquire the image of a moving object we generally get a blurred image because of the relative 
motion between the sensor and the object. In this section we consider how to mathematically model the 
blur due to image motion. To simplify the modeling we assume that the image moves along a plane and the 

time varying displacement in x and y directions for every pixel is given as x0(t) and y0(t) respectively. If 
 is the duration for which the camera shutter is open, the intensity at each pixel on the blurred 

image  is computed as an integration of the (true, unblurred) image .  intensities over the 

period . 

Relation between Fourier transform of  and  

The Fourier transform of  can be written as: 



                     

Using the Fourier transform shift property  we  
 
 
 
 

have       since  does not depend on  
We find that the Fourier transform of degradation due to motion blurring can be formulated as: 

                                    
As we notice from this formulation, the degradation function can be estimated only when the image 

motion is planar and the time-varying displacements  and  are known. For general objects 

which can have articulated motion, it is very difficult to estimate the values of  and  for the 
different parts of the objects. 
 

Once we have estimated the degradation function  the next step is to use it to restore the image. 
This process is called as filtering the degraded image so as to get the restored image as the output. 
6b. 
Order-statistic filters are used when the noise is non-Gaussian. Order statistic involve some kind of 
ranking or ordering of the intensity values of the pixels within the filter mask. The filter output is then 
determined based on this rank order. Order statistic filters lead to considerably less blurring compared to 
the mean filters. All the order statistic filters are non-linear filters. 



Median filter 

 For this filter the intensity value of a pixel is assigned as the median of the intensity values within the 
spatial neighborhood (i.e. the filter mask). Median filters are effective for removing salt and pepper 
noise (impulse noise). 

  
 An important issue here is the selection of the size of the filter mask Sxy. If the impulse density can be 

high in particular areas of the image, it is better to choose a larger mask. A larger mask increases the 
probability that the median value will not correspond to a noise spike. 

Max and Min filter 

 The max filter is useful for locating image pixels which have the maximum brightness. The maximum 
brightness value will get copied to the neighboring pixels thereby increasing the brightness level of the 
image. Likewise the min filter can locate image pixels which have the minimum brightness. The overall 
image becomes darker as a result of min filtering. 

 
Midpoint filter 

 The midpoint filter computes the average (midpoint) of the maximum and the minimum values within 
the filter mask. 

  
 It is used for reducing the Gaussian noise or uniform noise. 
Adaptive Filters for noise removal 

Adaptive filters adapt their response depending on the local characteristics of the image. The filter 
adapts based on the statistical characteristics of the pixel intensities within the filter mask. Adaptive 
filters perform better than the non-adaptive filters in terms of preserving the image details while 
removing the noise. 
      Adapting to statistical characteristics 
The commonly used statistical characteristics are the mean and the variance computed over the local 
region Sxy. The mean mL or the average intensity within the mask region gives a measure of the local 

brightness of the image. The variance  of the pixel intensities within the mask region give a 
measure of the local image contrast. The local variance value by itself is not much informative but it 

can be compared with the variance of the noise  We assume that the noise will corrupt all regions 

in the image equally, and therefore  We consider the following situations in order to define 
the behavior of the filter: If the local variance is high compared to the noise variance it means that the 
local spatial region has a high contrast possibly due to edges and other details. We want to preserve 
such edges and do not want to smoothen them out. Thus the filter should return a 

value close to g(x,y). If the local variance is nearly same as the noise variance  it means that 
the image region was smooth and that the additive noise has corrupted the intensity values thus 
leading to a variance in intensities. The following expression for the filter response caters to our 
requirements of adaptive filter behavior. 

 



 Practically it is difficult to estimate the correct value for . We use the techniques for noise 
parameter estimation as given in section 3 

 Adaptive Median Filtering 
 Traditional median filtering works well if the density of salt and pepper noise is less. If the density 

of the spikes is more (i.e. the spikes occur with a probability > 0.2) then there is a possibility that 
the median value computed over a spatial neighborhood gets corrupted due to the spikes. 
 
To overcome this problem, the median filter can be made adaptive so that it can remove the 
impulse noise of high spatial density and also provide smoothing of non-impulse noise. 

How to make the median filter adaptive? 
 The median filter can be made adaptive by allowing it to vary its size, i.e. the spatial neighborhood 

window Sxy depending on certain conditions. 
 
If we find that the median value coincides with an extreme value in the neighborhood then we do 
not use the median value as the output intensity of the center pixel. Instead we increase the size of 
the neighborhood Sxy in which the median is computed in the hope that the computed median 
value would be less likely to coincide with an extreme value. We go on increasing the size of the 

  
 Figure 1: In this figure the green bar indicates the computed median value. The pink dot indicates 

the pixel intensity at g(x,y). The leftmost bar indicates the case when both the center pixel 
intensity and the computed median value lie between zmin and zmax. In this case we choose the filter 
response as zxy. The 2nd and the 3rd bar indicates the case when the median coincides with the 
extreme intensities in the neighborhood. In this case we increase the size of Sxy. The 4th and the 
5th bars indicate the case when the center pixel value coincides with the minimum or the maximum 
intensity in the neighborhood, but the median does not. This is a case where the center pixel is 
likely to be a noisy spike. The filter response is the median value which replaces zxy. 

 neighborhood till the median value is found to be different from the maximum intensity zmax or 
minimum intensity zmin within the neighborhood. But if this does not happen and the size of the 
neighborhood reaches a specified limit, then we accept the median value as the value of the center 
pixel. 

The second modification made to the traditional median filtering is that if the center pixel zxy has a value 
which is not the maximum or minimum intensity (zmax or zmin) in the neighborhood then we do not replace 
it by the median. We preserve the same value zxy in the output image. However if the center pixel has a 
value which coincides with the maximum or minimum in the neighborhood then we replace it by the 
median intensity in the neighborhood, provided the median is not the maximum or the minimum. 
7a. 
Converting colors from HSI to RGB 



 

 

 
7b.  
The Haar Transform 
 
• Its basis functions are the simplest known orthonormal wavelets. 
• The Haar transform is both separable and symmetric: 
• 𝐓 = 𝐇𝐅𝐇𝐓  
• F is a NxN image and H is the NxN transformation matrix and T is the NxN transformed image. 
• Matrix H contains the Haar basis functions.  
• The Haar basis functions hk(z) are defined for in 0≤ z ≤1, for k=0,1,…, N-1, where N=2n. 
• To generate H: 

•  we define the integer k=2p+q-1, with 0≤ p ≤N-1. 
•  if p=0, then q=0 or q=1. 
•  if p≠0, 1≤q ≤2p 
• For the above pairs of p and q, a value for k is determined and the Haar basis functions are 

computed. 

 
 
The ith row of a NxN Haar transformation matrix contains the elements of h

k

(z) for z=0/N, 1/N, 2/N,…, (N-

1)/N. 
For instance, for N=4, p,q and k have the following values: 
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and the 4x4 transformation matrix is: 
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Similarly, for N=2, the 2x2 transformation matrix is: 

2

1 11

1 12

 
  

 
H

 

The rows of H2 are the simplest filters of length 2 that may be used as analysis filters h0(n) and h1(n) of a 
perfect reconstruction filter bank.  

Moreover, they can be used as scaling and wavelet vectors (defined in what follows) of the simplest and 
oldest wavelet transform. 

7c. Thinning 

• The thinning of a set A by a structuring element B, can be defined by terms of the hit-and-miss 

transform:  
• A more useful expression for thinning A symmetrically is based on a sequence of structuring elements: 

•  
• {B}={B1, B2, B3, …, Bn} 
• Where Bi is a rotated version of Bi-1. Using this concept we define thinning by a sequence of structuring 

elements: 
• The process is to thin by one pass with B1 , then thin the result with one pass with B2, and so on until A 

is thinned with one pass with Bn.  
• The entire process is repeated until no further changes occur. 
• Each pass is preformed using the equation: 

•  
• Thinning is similar to performing a repeated erosion which stops where the shape has been reduced 

down to a single line.  Once it finishes, it leaves a line one pixel thick that runs through the center of 
where the the shape used to be, along the shape's longer axis. 

• The drawback is there is no provision for keeping the skeletons connected. 

 

Thickening 

• Thickening is a morphological dual of thinning. 
• Definition of thickening 

•  
• As in thinning, thickening can be defined as a sequential operation:                                                         



•  
• the structuring elements used for thickening have the same form as in thinning, but with all 1’s and 0’s 

interchanged. 
• A separate algorithm for thickening is often used in practice, Instead the usual procedure is to thin the 

background of the set in question and then complement the result. 
• In other words, to thicken a set A, we form C=Ac , thin C and than form Cc. 
• Depending on the nature of A, this procedure may result in some disconnected points. Therefore 

thickening by this procedure usually require a simple post-processing step to remove disconnected 
points. 

8a. 
Pseudocolor image processing 
• Also known as indexed color 
 • Assign colors to gray values based on a fixed criteria 

 – 216 index entries from 8-bit RGB color system as a 6 × 6 × 6 cube in a direct color system  
– Gives an integer in the range 0 to 5 for each component of RGB 
 – Requires less data to encode an image 
 – Some graphics file formats, such as GIF and TIFF add an index colormap to the image with 
gamma-corrected RGB entries 

 • Used as an aid to human visualization and interpretation of gray-scale events in an image or sequence of 
images, such as visualizing population density in different areas on a map 
 • May have nothing to do with processing of true color images 
 • Intensity slicing 

 – Also called density slicing or color coding  
– Slicing planes parallel to horizontal plane in 3D space, with the intensity of image providing the 
third dimension on image plane 

 

-Plane at f(x, y) = li to slice the image function into two levels ∗ 
- Assign different colors to area on different sides of the slicing plane  
- Relative appearance of the resulting image manipulated by moving the slicing plane up and down 
the gray-level axis  

– Technique summary 
 ∗ Gray scale representation – [0, L − 1]  
∗ Black represented by l0, [f(x, y) = 0] 
 ∗ White represented by [lL−1], [f(x, y) = L − 1]  
∗ Define P planes perpendicular to intensity axis at levels l1, l2, . . . , lP  
∗ 0 < P < L − 1 ∗ P planes partition the gray scale into P + 1 intervals as V1, V2, . . . , VP +1 
 ∗ Make gray-level to color assignment as f(x, y) = ck if f(x, y) ∈ Vk where ck is the color associated 
with kth intensity interval Vk defined by partitioning planes at l = k − 1 and l = k 



 

Gray level to color transformations 
 – Separate independent transformation of gray level inputs to three colors 
 – Figure 6.23 
 – Composite image with color content modulated by nature of transformation function  
– Piecewise linear functions of gray levels 

 

 
Combining several monochrome images into a single color composite  

 
Used in multispectral image processing, with different sensors producing individual monochrome images 
in different spectral bands 

 
 

8b. 
Dilation of A by B and is defined by the following equation: 

 

Fig:  pseudo color approach used when several 
monochrome images are available. 



 This equation is based on obtaining the reflection of B about its origin and shifting this reflection by z.  
• The dilation of A by B is the set of all displacements z, such that 𝐵  and A overlap by at least one 

element. Based On this interpretation the equation of (9.2-1) can be rewritten as:  

•  
• Dilation is the set of all points in the image, where the structuring element “touches” the foreground. 
• It adds pixels to the boundaries of objects in an image. It increases the size of object & fills gap. 
• Dilation “grows” or “thickens” objects in an binary image. 
• The extent of thickening is controlled by the shape of the structuring element used. 
• Dilation is used for expanding an element A by using structuring element B. 

 
Erosion 
• With A and B as sets in Z2 , the erosion of A by B, denoted A, is defined as  

•  
• This equation indicates that the erosion of A by B is the set of all points z such that B, translated by z, is 

contained in A where B is the structuring element. 
• The statement that B has to be contained in A equivalent to B not sharing any common elements with 

background. The equivalent expression is  

• 
     | ( ) c

ZA B z B A  
 

• Erosion is used  for shrinking of element A by using element B. 
• Erosion is the set of all points in the image, where the structuring element “fits into”. 
• Good for, e.g., 
 Noise removal in background 
 Removal of holes in foreground / background 
• One of the simplest uses of erosion is for eliminating irrelevant details (in terms of size) from a binary 

image. 
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