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What you should know by now... 

ÅImage formation 

ÅHistogram creation and equalization 

ÅPoint-wise processing of images 

ÅImage pyramids 

ÅLocal filtering, Gaussian smoothing 

ÅEdge detection 

 

Å If not: have a look at the CV1 slides again... 

 http://www.icg.tugraz.at/courses/cgcv 
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Continuous World, Discrete Images 

From Richard Alan Peters II, 2007 
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Sampling 

Continuous ­ discrete representation: 
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Interpolation 

Discrete ­ continuous representation: 
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Interpolation 

Discrete ­ continuous representation: 
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Nearest Neighbor Interpolation 

ÅAssigns the brightness of the nearest point on the grid 

x 

h1 

-0.5    0    0.5 
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Bilinear Interpolation 

ÅTakes into account the brightness values of the 4 

neighboring points 

x 
-1    0        1 

h2 
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Bicubic Interpolation 

ÅApproximation of the image data using a bicubic 

polynomial 

ÅUses 16 neighboring points on the grid 

ÅKeeps fine details in the image 
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Error Measures 

MSE (mean squared error): 

 

 

 

 

PSNR (peak-signal-to-noise ratio): 
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Histogram 

ÅDiscrete probability density function of gray values in 

the image 
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Point-wise Operations 

p 

q 

p1 p2 c 

Inverted image Contrast enhancement Binary threshold 

q 

p 

q 

p 
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Geometric Transformations 

ÅGeometric transformations are important for many 

applications 

ïLense distortion 

ïImage stitching 

ïImage registration (warping) 

 

ÅA geometric transformation is a vector function  

 

     

    that maps a pixel position           to a new position 
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Geometric Transformations 

ÅGeometric transformation can be available in 

ïParametric form, e.g. affine transformation 

ïNon-parametric form, e.g. displacement field 

 

ÅGeometric transformation consists of two steps 

ïCoordinate Transformation 

ïImage Interpolation 
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Image Pre-Processing 

ÅImage pre-processing is comparable to low-level 

vision of the human visual system 

ÅDoes not increase the information content of images 

ÅTypically, the information is reduced (filtered) 

ÅMajor aims: 

ïImprovement of the image data 

ïSuppress irrelevant information 

ïEnhance important features 

ÅOften depends on the task we need to solve 
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Linear Filtering 

 

 
 

ÅFor a linear system, each output is a linear 

combination of all input values: 

 

 

ÅIn matrix formulation: 

 

 

 

From A. Torralba and W. Freeman, Lecture Notes, 2011 
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Linear Filtering 

 

 
 

ÅIn vision, we are often interested in operations that 

are spatially invariant: 

 

 

 

 

 

From A. Torralba and W. Freeman, Lecture Notes, 2011 
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Linear Filtering 

ÅProperties: 
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Linear Filtering 

From A. Torralba and W. Freeman, Lecture Notes, 2011 
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Linear Filtering 

ÅFor a linear, spatially invariant system: 

 

 

 

 

 

 

 

 

ÅĂConvolution of g with filter hñ 

ÅMatlab: f = imfilter(g,h) 

 

 

From A. Torralba and W. Freeman, Lecture Notes, 2011 
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Border Handling 

From A. Torralba and W. Freeman, Lecture Notes, 2011 
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Impulse Filter 

From A. Torralba and W. Freeman, Lecture Notes, 2011 
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Shift Filter 

From A. Torralba and W. Freeman, Lecture Notes, 2011 
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ÅLinear, but not a spatially invariant operation 

ÅNot possible using convolution 

 

 

 

 

 

Image Rotation? 

From A. Torralba and W. Freeman, Lecture Notes, 2011 
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Averaging Filter 

From A. Torralba and W. Freeman, Lecture Notes, 2011 

ÅElements of h[m,n] sum up to 1 ï smoothing! 

 

 

 

 

 

 

 

 

 

ÅMatlab: fspecial(óaverageó, [M N]) 
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Averaging Filter 

From A. Torralba and W. Freeman, Lecture Notes, 2011 

ÅCan also be directed 
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Filter size matters... 

Noisy image 3x3 filter 7x7 filter 
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Gaussian Filter 

ÅAverage filter gives the same weight to all pixels 

under the filter mask 

ÅGaussian filter gives a higher weight to pixels being 

closer to the center ï better results 

ÅFilter coefficients are computed using the Gaussian 

formula 

ÅParameter     controlls the amount of smoothing 
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Gaussian Filter 

ÅDiscrete approximation: 

ïKernels size always odd 

 

 

ïSum of coefficients is always equal to one 

 

ïMatlab: fspecial(ógaussianó,[n n],      ) 

 

ÅExample:  
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Example 

sigma =1 sigma =2 sigma =3 original 
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Separable Filters 

ÅIsotropic filters (Average, Gaussian) can be easily 

separated 

ÅTwo-fold convolution in x- and y- direction with 1D filters 

ÅComparison: 

ïOriginal: n2 multiplications und n2-1 additions 

ïSeparable: 2n multiplications, 2n-2 additions 

ÅHow can we determine separability? 
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Convolution vs. Correlation 

ÅMatlab: imfilter, OpenCV: filter2d ... Correlation! 

 

Correlation Convolution 
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ÅIn probability theory (robust statistics), the median 

divides a probability distribution into the higher half and 

the lower half. 

ÅIn a discrete setting, the median is found by sorting the 

samples and selecting one 

 

ÅExample: 

ïSamples: 3, 5, 2, 3, 99, 7, 9, 6, 5, 4, 3, 2, 8 

ïSorted:    2, 2, 3, 3, 3, 4, 5, 5, 6, 7, 8, 9, 99 

 

Median 

Median Filter 
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ÅProperties 

ïdoes not blur across edges 

ïrobust to large outliers 

ïdoes not Ăinventñ new gray values 

ïrelatively fast to compute: O(1) implementations exist 

 

ÅMedian is the L1-minimizer 

Median Filter 
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ÅMedian filter is a special case of more general rank 

order filters 

ïMinimum filter: take maximum under mask 

ïMaximum filter: take minimum under mask 

ïAlpha-trimmed filter 

ÅSamples: 3, 5, 2, 3, 99, 7, 9, 6, 5, 4, 3, 2, 8 

ÅSorted:    2, 2, 3, 3, 3, 4, 5, 5, 6, 7, 8, 9, 99 

 

 

   compute mean 

 

Median Filter 
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Original 25 % salt & pepper 

Gaussian filter, sigma=3 5x5 Median 

Median Filter 
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ÅMedian Filter can also be applied iteratively 

6 iterations of a 3x3 median filter 

7x7 median filter 50 % salt & pepper noise 

Iterative Median Filter 


