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1. Introduction to Pre-processing
•

Pre-processing is a common name for operations with images at the lowest level of
abstraction. Here both input and output are intensity images.

•

The aim of pre-processing is an improvement of the image data that suppresses unwanted
distortions or enhances some image features important for further processing.

•

Four major categories of image pre-processing methods according to the size of the pixel
neighborhood that is used for the calculation of a new pixel brightness:
1.

Pixel brightness transformations

2.

Geometric transformations,

3.

Pre-processing methods that use a local neighborhood of the processed pixel

4.

Image restoration that requires knowledge about the entire image.

•

Image pre-processing methods use the considerable redundancy in images.

•

Neighboring pixels corresponding to one object in real images have essentially the same or
similar brightness value.

•

The distorted pixel can often be restored as an average value of neighboring pixels. Ex:
Reducing the impulse noise

•

If pre-processing aims to correct some degradation in the image, the nature of a priori
information is important. The information include knowledge about the,
o

nature of the degradation; only very general properties of the degradation are
assumed.

o

properties of the image acquisition device, and conditions under which the image
was obtained. The nature of noise (usually its spectral characteristics) is sometimes
known.

o

objects that are searched for in the image, which may simplify the pre-processing
very considerably. If knowledge about objects is not available in advance it can be
estimated during the processing.

2. Pixel brightness transformations
•

Brightness transformations modify pixel brightness -the transformation depends on the
properties of a pixel itself.

•

There are two classes
1. Brightness correction: Modifies the pixel brightness, taking into account of its original
brightness and its pixel position in the image.
2. Gray scale transformations: change brightness without regard to position in the image.

2.1 Position dependent brightness correction
•

Ideally, the sensitivity of image acquisition and digitization devices should not depend on
position in the image, but this assumption is not valid in many practical cases.

•

Sources of degradation are due to uneven sensitivity of light sensors and uneven object
illumination
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•

Systematic degradation can be suppressed by brightness correction.

•

Let a multiplicative error coefficient e(i,j) describe the change from the ideal identity
transfer function;
o

g(i,j) is the original un-degraded image (or desired image)

o

f(i,j) is the image containing degradation.

•

If a reference image g(i,j) is known (e.g., constant brightness c) then error coefficient can
be obtained e(i,j).

•

The degraded result is fc(i,j). The systematic brightness errors can be suppressed by:

•

This method can be used if the Image degradation process is stable. To achieve this the
device should be calibrated time to time (to find error coefficients e(i,j))

•

This method implicitly assumes linearity of the transformation, which is not true in reality
as the brightness scale is limited into some interval, since overflow is possible (due to
equation 4.1)

2.2 Gray scale transformation
•

Gray scale (or Rightness) transformations do not depend on the position of the pixel in the
image.

•

Brightness transform T of the original brightness p from scale [po..pk] into brightness from
a new scale [q0..qc] is given by

•

Some gray level transformations are given below:
a - Negative transformation
b - contrast enhancement
(between p1 and p2)
c - Brightness thresholding

•

Gray scale transformations are mostly used if the result is viewed by a human. Ex: X-Ray
image can be viewed better these transformations.
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Linear transformation: This includes simple identity and negative
transformation.
1. Identity transition is shown by a straight line. In this transition,
each value of the input image is directly mapped to each other
value of output image.
2. Negative transformation: In negative transformation, each value
of the input image is subtracted from the L-1 and mapped onto
the output image. s = (L – 1) – r
Putting 256 in the equation, we get this s = 255 – r

Pricewise linear transformation
1. Contrast stretching
An example of contrast stretching piecewise linear
transformation function is shown here. The
brightness is transformed according to the two
control points (r1,s1) and (r2,s2)

2. Grey level slicing:
Here pixel values between a range are
transformed. For example, in the diagram
Pixel values between [A,B] are
highlighted, other pixel values are
darkened (diagram in the left) or preserved
(diagram in the right).

•

Discuss any two piece-wise linear transformation functions
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Logarithmic gray-scale transformation
•

This function is another frequently used technique. It
simulates the logarithmic sensitivity of the human eye to
the light intensity which enables us to perceive
intensities to an amazing nine orders of magnitude.

•

The log transformations can be defined by this formula:
s = c log (r + 1).
where s and r are the pixel values of the output and the
input image and c is a constant.

•

The value 1 is added to each of the pixel value of the
input image because if there is a pixel intensity of 0 in the image, then log (0) is equal to
infinity. So 1 is added, to make the minimum value at least 1.

•

During log transformation, the dark pixels in an image are expanded as compare to the
higher pixel values. The higher pixel values are kind of compressed in log transformation.
This result in following image enhancement.

•

The value of c in the log transform adjusts the kind of enhancement you are looking for.

•

The inverse log transform is opposite to log transform.

Histogram equalization
•

Typical Gray level transform is histogram equalization is found automatically.

•

The aim is to transform image with equally distributed brightness levels over the whole
brightness scale automatically

•

The histogram can be treated as a discrete probability density function. The monotonic
property of the transform T implies

•

Assume that the image has N rows and columns; then the equalized histogram G(q)
corresponds to the uniform probability density function f whose function value is a
constant:
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•

The value from equation (4.5) replaces the left side of equation (4.4) . The equalized
histogram can be obtained precisely only for the 'idealized' continuous probability
density,in which case equation (5.4) becomes

•

The desired pixel brightness transformation T can then be derived as

•

The integral in equation is called the cumulative histogram, which is approximated by
a sum in digital images, so the resulting histogram is not equalized ideally. The discrete
approximation of the continuous pixel brightness transformation from equation is

Formally, the algorithm to perform equalization is as follows.
Algorithm: Histogram Equalization

•
•

State the aim of histogram equalization. (2 marks)
Develop an algorithm for contrast enhancement using histogram
equalization. Illustrate with a suitable example considering a 3x3 image.
(6 marks)
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3. Geometric transformations
•

Geometric transforms permit the elimination of geometric distortion that occurs when
an image is captured.

•

An example is an attempt to match remotely sensed images of the same area taken after
one year, when the more recent image was probably not taken from precisely the same
position. To inspect changes over the year, it is necessary first to execute a geometric
transformation, and then subtract one image from the other.

•

A geometric transform is a vector function T that maps the pixel (x,y) to a new position
(x',y').

•

The transformation equations are either known in advance or can be determined from
known original and transformed images.

•

Several pixels in both images with known correspondence are used to derive the unknown
transformation.

•

A geometric transform consists of two basic steps.
1. Determining the pixel co-ordinate transformation: This maps the co-ordinates of the
input image pixel to the point in the output image. The output point co-ordinates should be
computed as continuous values (real numbers) as the position does not necessarily match
the digital grid after the transform.
2. Finding the point in the digital raster which matches the transformed point and
determining its brightness value. Brightness is usually computed as an interpolation of
the brightness’s of several points in the neighborhood.

3.1 Pixel co-ordinate transformations
•

General case of finding the co-ordinates of a point in the output image after a geometric
transform usually approximated by a polynomial equation

•

This transform is linear with respect to the coefficients ark, brk

•

If pairs of corresponding points (x,y), (x',y') in both images are known, it is possible to
determine ark, brk by solving a set of linear equations.

•

More points than coefficients are usually used to get robustness.

•

If the geometric transform does not change rapidly depending on position in the image, low
order approximating polynomials, m=2 or m=3, are used, needing at least 6 or 10 pairs of
corresponding points.
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•

The corresponding points should be distributed in the image in a way that can express the
geometric transformation - usually they are spread uniformly.

•

The higher the degree of the approximating polynomial, the more sensitive to the
distribution of the pairs of corresponding points the geometric transform.

•

In practice, the geometric transform is often approximated by the bilinear transformation
for which 4 pairs of corresponding points are sufficient to find transformation coefficients

•

Even simpler is the affine transformation for which three pairs of corresponding
points are sufficient to find the coefficients

•

The affine transformation includes typical geometric transformations such as rotation,
translation, scaling and skewing.

•

A geometric transform applied to the whole
image may change the co-ordinate system, and a
Jacobean J provides information about how the
co-ordinate system changes

•

If the transformation is singular (has no inverse) then J=0. If the area of the image is
invariant under the transformation then J=1.

•

The Jacobean for the general bilinear transform

•

The Jacobean for the affine transformation

•

Some Important geometric transformations are

•

o

Rotation - by the angle phi about the origin

o

Change of scale - a in the x axis and b in the y axis

o

Skewing by the angle phi

Complex geometric transformations (distortion) can be approximated by partitioning
an image into smaller rectangular sub-images; for each sub-image, a simple geometric
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transformation, such as the affine, is estimated using pairs of corresponding pixels.
Geometric transformation (distortion) is then performed separately in each sublimate.

3.2 Brightness interpolation
•

Assume that the planar transformation has been accomplished, and new point coordinates (x',y') were obtained. The position of the point does not in general fit the
discrete raster of the output image. Values on the integer grid are needed. Each pixel
value in the output image raster can be obtained by brightness interpolation of some
neighboring non-integer samples.

•

The brightness interpolation problem is usually expressed in a dual way (by
determining the brightness of the original point in the input image that corresponds to
the point in the output image lying on the discrete raster).

•

Computing the brightness value of the pixel (x',y') in the output image where x' and y'
lie on the discrete raster

•

In general, the real co-ordinates after inverse transformation (dashed lines in Figures)
do not fit the input image discrete raster (solid lines), and so brightness is not known.

•

To get the brightness value of the point (x,y) the input image is resampled.

o

fn(x,y) ... result of interpolation

o

hn is the interpolation kernel. Usually, a small neighborhood is used, outside which
hn is zero.

Nearest neighbour interpolation
•

Assigns to the point (x,y) the brightness value of the nearest point g in the discrete raster

•

The right
side of Figure shows how the new brightness
is assigned.

•

The discrete raster of the original image is
depicted by the solid line. Dashed lines show
how the inverse planar transformation maps
the raster of the output image into the input
image - full lines show the raster of the input
image.

•

The position error of the nearest neighborhood interpolation is at most half a pixel.

•

This error is perceptible on objects with straight line boundaries that may appear steplike after the transformation.
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Linear interpolation
•

It explores four points neighboring the point
(x,y), and assumes that the brightness function
is linear in this neighborhood.

•

Linear interpolation is given by the equation

•

Linear interpolation can cause a small decrease in resolution and blurring due to its
averaging nature.

•

The problem of step like straight boundaries with the nearest neighborhood
interpolation is reduced.

Bicubic interpolation
•

Improves the model of the brightness function by approximating it locally by a bicubic
polynomial surface; sixteen neighboring points are used for interpolation.

•

Interpolation kernel (`Mexican hat') is given by

•

Bicubic interpolation does not suffer from the step-like boundary problem of nearest
neighborhood interpolation, and copes with linear interpolation blurring as well.

•

Bicubic interpolation is often used in raster displays that enable zooming with respect
to an arbitrary point -- if the nearest neighborhood method were used, areas of the same
brightness would increase.

•

Bicubic interpolation preserves fine details in the image very well.
•
•

Explain the steps involved in geometric transformation. (10 marks)
Briefly explain brightness interpolation used in geometric transformation.
(6 marks)
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4. Local pre-processing
•

Pre-processing methods use a small neighborhood of a pixel in an input image to get a
new brightness value in the output image. Such pre-processing operations are called
also filtration.

•

Local pre-processing methods can be divided into the two groups according to the goal
of the processing:
1.

2.

Smoothing aims to suppress noise or other small fluctuations in the image
o

equivalent to the suppression of high frequencies in the frequency domain.

o

Unfortunately, smoothing also blurs all sharp edges that bear important
information about the image.

Gradient operators are based on local derivatives of the image function.
o

Derivatives are bigger at locations of the image where the image function
undergoes rapid changes.

o

The aim of gradient operators is to indicate such locations in the image.

o

Gradient operators have a similar effect as suppressing low frequencies in
the frequency domain.

•

Noise is often high frequency in nature; unfortunately, if a gradient operator is applied
to an image the noise level increases simultaneously.

•

Clearly, smoothing and gradient operators have conflicting aims. Some pre-processing
algorithms solve this problem and permit smoothing and edge enhancement
simultaneously.

•

Another classification of local pre-processing methods is according to the
transformation properties.

•

Linear and nonlinear transformations can be distinguished.

•

Linear operations calculate the resulting value in the output image pixel g(i,j) as a linear
combination of brightnesses in a local neighborhood of the pixel f(i,j) in the input
image.

•

The contribution of the pixels in the neighborhood is weighted by coefficients h

•

The above equation is equivalent to discrete convolution with the kernel h, that is called
a convolution mask.

•

Rectangular neighborhoods O are often used with an odd number of pixels in rows and
columns, enabling the specification of the central pixel of the neighborhood.

•

Local pre-processing methods typically use very little a priori knowledge about the
image contents. It is very difficult to infer this knowledge while an image is processed
as the known neighborhood O of the processed pixel is small.

•

The choice of the local transformation, size, and shape of the neighborhood O depends
strongly on the size of objects in the processed image.
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4.1 Image smoothing
•

Image smoothing is the set of local pre-processing methods which have the aim of
suppressing image noise - it uses redundancy in the image data.

•

Calculation of the new value is based on averaging of brightness values in some
neighborhood O.

•

Smoothing poses the problem of blurring sharp edges in the image, and so we shall
concentrate on smoothing methods which are edge preserving. They are based on the
general idea that the average is computed only from those points in the neighborhood
which have similar properties to the processed point.

•

Local image smoothing can effectively eliminate impulsive noise or degradations
appearing as thin stripes, but does not work if degradations are large blobs or thick
stripes.

Averaging
•

Assume that the noise value at each pixel is an independent random variable with zero
mean and standard deviation

•

We can obtain such an image by capturing the same static scene several times.

•

The result of smoothing is an average of the same n points in these images g1,...,g{n} with
noise values {1},..., {n}

•

The second term here describes the
the noise ... a random value with zero mean.

•

Thus if n images of the same scene are available, the smoothing can be accomplished
without blurring the image by

•

In many cases only one image with noise is available, and averaging is then realized in a
local neighborhood.

•

Results are acceptable if the noise is smaller in size than the smallest objects of interest in
the image, but blurring of edges is a serious disadvantage.

•

Averaging is a special case of discrete convolution. For a 3 x 3
neighborhood the convolution mask h is given here.

•

Larger convolution masks for averaging are created analogously.

•

The significance of the central pixel
may be increased to better reflect
properties of Gaussian noise.
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Averaging with limited data validity
•

Methods that average with limited data validity try to avoid blurring by averaging only
those pixels which satisfy some criterion, the aim being to prevent involving pixels that are
part of a separate feature.

•

A very simple criterion is to use only pixels in the original image with brightness in a
predefined interval of invalid data [min,max].

•

Consider a point (m,n) in the image. If the intensity at (m,n) has a valid intensity, then
nothing is done.

•

However, if a point (m,n) has an invalid gray-level, then the convolution mask is calculated
in the neighborhood O from the nonlinear formula

•

Note that in the equation above, the interval min-max represents invalid data so that only
valid data is used in the averaging. Note that h(i,j) must be normalized by the number of
data values used in the mask.

•

A second method performs the averaging only if the computed brightness change of a pixel
is in some predefined interval. This method permits repair to large-area errors resulting
from slowly changing brightness of the background without affecting the rest of the image.

•

A third method uses edge strength (i.e., magnitude of a gradient) as a criterion. The
magnitude of some gradient operator is first computed for the entire image, and only pixels
in the input image with a gradient magnitude smaller than a predefined threshold are used
in averaging.

Averaging according to inverse gradient
•

The convolution mask is calculated at each pixel according to the inverse gradient.

•

Brightness change within a region is usually smaller than between neighboring regions.

•

Let (i,j) be the central pixel of a convolution mask with odd size; the inverse gradient at
the point (m,n) with respect to (i,j) is then

•

If g(m,n) = g(i,j) then we define (i,j,m,n) = 2; the inverse gradient is then in the interval
(0,2], and is smaller on the edge than in the interior of a homogeneous region.

•

Weight coefficients in the convolution mask h are normalized by the inverse gradient, and
the whole term is multiplied by 0.5 to keep brightness values in the original range. The
constant 0.5 has the effect of assigning half the weight to the central pixel (i,j), and the
other half to its neighborhood.

•

The convolution mask coefficient corresponding to the central pixel is defined as h(i,j) =
0.5. The above method assumes sharp edges.
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•

When the convolution mask is close to an edge, pixels from the region have larger
coefficients than pixels near the edge, and it is not blurred. Isolated noise points within
homogeneous regions have small values of the inverse gradient; points from the
neighborhood take part in averaging and the noise is removed.

Averaging using a rotating mask
•

Avoids edge blurring by searching for the homogeneous part of the current pixel
neighborhood and the resulting image is sharpened.

•

The brightness average is calculated only within the homogeneous region. A brightness
dispersion 2 is used as the region homogeneity measure.

•

Let n be the number of pixels in a region R and g(i,j) be the input image. Dispersion
calculated as

•

Rotated masks

2

is

Algorithm 4.2: Smoothing using a rotating mask
1. Consider each image pixel (i, j) .
2. Calculate dispersion in the mask for all possible mask rotations about pixel (i, j)
according to equation (4.32).
3. Choose the mask with minimum dispersion.
4. Assign to the pixel f(i, j) in the output image f the average brightness in the chosen mask.
Median smoothing
•

In a set of ordered values, the median is the central value.

•

Median filtering is a nonlinear filtering which reduces blurring of edges. The idea is to
replace the current point in the image by the median of the brightness in its neighborhood.

•

It is not affected by individual noise spikes and eliminates impulsive noise quite well

Algorithm: Efficient median filtering
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The main disadvantage of median filtering in a rectangular neighborhood is its damaging of
thin lines and sharp corners in the image - this can be avoided if another shape of neighborhood
is used.
•
•
•

Discuss any two image smoothing techniques in spatial domain. (8 marks)
Write an algorithm for image averaging using rotation mask using noise
suppression. (6 marks)
Write an algorithm for efficient median filtering. (6 marks)

4.2 Edge detectors
•

Edges locate sharp changes in the intensity function. Edges are pixels where brightness
changes abruptly.

•

An edge is a property attached to an individual pixel and is calculated from the image
function behaviour in a neighbourhood of the pixel.

•

Calculus describes changes of continuous functions using derivatives; an image
function depends on two variables - partial derivatives.
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•

A change of the image function can be described by a gradient that points in the
direction of the largest growth of the image function.

•

Edge is a vector variable: consists of magnitude of the gradient and direction

•

The gradient direction gives the direction of
maximal growth of the function, e.g., from black
(f(i,j)=0) to white (f(i,j)=255).

•

This is illustrated below; closed lines are lines of
the same brightness.

•

The orientation 0° points East.

•

Edges are often used in image analysis for finding
region boundaries.

•

Boundary and its parts (edges) are perpendicular to the direction of the gradient.

•

The gradient magnitude and gradient direction are continuous image functions where
arg(x,y) is the angle (in radians) from the x-axis to the point (x,y).

•

Sometimes we are interested only in edge magnitudes without regard to their
orientations.

•

The Laplacian may be used. The Laplacian has the same properties in all directions
and is therefore invariant to rotation in the image.

•

Image sharpening makes edges steeper -- the sharpened image is intended to be
observed by a human.
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•

C is a positive coefficient which gives the strength of sharpening and S(i,j) is a measure
of the image function sheerness that is calculated using a gradient operator.

•

The Laplacian is very often used to estimate S(i,j).

Laplace operator
•

The Laplace operator (Eq. 4.37) is a very popular operator approximating the second
derivative which gives the gradient magnitude only.

•

The Laplacian is approximated in digital images by a convolution sum.

•

A 3 x 3 mask for 4-neighborhoods and 8-neighborhood

•

A Laplacian operator with stressed significance of the central pixel or its neighborhood
is sometimes used. In this approximation it loses invariance to rotation

•

The Laplacian operator has a disadvantage -- it responds doubly to some edges in the
image.

•

The derivative of the harmonic function sin(nx) is n cos(nx); thus the higher the
frequency, the higher the magnitude of its derivative. This is another explanation of
why gradient operators enhance edges.

•

Image sharpening / edge detection can be interpreted in the frequency domain as well.
The result of the Fourier transform is a combination of harmonic functions.

•

Unsharp masking is often used in printing industry applications - another image
sharpening approach. A signal proportional to an unsharp image (e.g., blurred by some
smoothing operator) is subtracted from the original image, again a parameter C may be
used to control the weight of the subtraction.

•

A digital image is discrete in nature. derivatives must be approximated by differences. The
first differences of the image g in the vertical direction (for fixed i) and in the horizontal
direction (for fixed j)
n is a small integer, usually 1.

•

The value n should be chosen small enough to provide a good approximation to the
derivative, but large enough to neglect unimportant changes in the image function.

•

Symmetric expressions for the difference are not usually used because they neglect the
impact of the pixel (i,j) itself.
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•

Gradient operators can be divided into three categories
I. Operators approximating derivatives of the image function using differences.
o

rotationally invariant (e.g., Laplacian) need one convolution mask only.

o

approximating first derivatives use several masks ... the orientation is estimated on
the basis of the best matching of several simple patterns.

II. Operators based on the zero crossings of the image function second derivative (e.g.,
Marr-Hildreth or Canny edge detector).
III. Operators which attempt to match an image function to a parametric model of edges.
•

This category will not be covered here; parametric models describe edges more precisely
than simple edge magnitude and direction and are much more computationally intensive.

•

Individual gradient operators that examine small local neighborhoods are in fact
convolutions and can be expressed by convolution masks.

•

Operators which are able to detect edge direction as well are represented by a collection of
masks, each corresponding to a certain direction.

Roberts operator

The magnitude of the edge is computed as

The primary disadvantage of the Roberts operator is its high sensitivity to noise, because very
few pixels are used to approximate the gradient.
Prewitt operator
•

The Prewitt operator, similarly to the Sobel, Kirsch, Robinson (as discussed later) and
some other operators, approximates the first derivative.

•

Operators approximating first derivative of an image function are sometimes called
compass operators because of the ability to determine gradient direction.

•

The gradient is estimated in eight (for a 3 x 3 convolution mask) possible directions,
and the convolution result of greatest magnitude indicates the gradient direction. Larger
masks are possible.

•

The direction of the gradient is given by the mask giving maximal response. This is
valid for all following operators approximating the first derivative.
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Sobel operator

•

Used as a simple detector of horizontality and verticality of edges in which case only
masks h1 and h3 are used.

•

If the h1 response is y and the h3 response x, we might then derive edge strength
(magnitude) as

and direction as arctan (y / x).
Robinson operator

Kirsch operator

4.3. Zero crossings of the second derivative
•

Edge Marr-Hildreth Edge Detection detection techniques like the Kirsch, Sobel,
Prewitt operators are based on convolution in very small neighborhoods and work well for
specific images only.

•

The main disadvantage of these edge detectors is their dependence on the size of objects
and sensitivity to noise.

•

The Marr-Hildreth edge detection technique, based on the zero crossings of the second
derivative explores the fact that a step edge corresponds to an abrupt change in the image
function.

•

The first derivative of the image function should have an extreme at the position
corresponding to the edge in the image, and so the second derivative should be zero at the
same position.

•

It is much easier and more precise to find a zero crossing position than an extreme - see
Fig. 4.20.
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•

Robust calculation of the 2nd derivative:
o

smooth an image first (to reduce noise) and then compute second derivatives.

o

The 2D Gaussian smoothing operator G(x,y)

where x, y are the image co-ordinates and sigma is a standard deviation of the associated
probability distribution.
•

The standard deviation sigma is the only parameter of the Gaussian filter - it is
proportional to the size of neighborhood on which the filter operates.

•

Pixels more distant from the center of the operator have smaller influence, and pixels
further than 3 sigma from the center have negligible influence.

•

Goal is to get second derivative of a smoothed 2D function f(x,y) ... the Laplacian
operator gives the second derivative, and is moreover non-directional (isotropic).

•

Consider then the Laplacian of an image f(x,y) smoothed by a Gaussian
(Laplacian of Gaussian)

•

The order of differentiation and convolution can be interchanged due to linearity of the
operations:

•

The derivative of the Gaussian filter is independent of the image under consideration
and can be precomputed analytically reducing the complexity of the composite
operation.

•

Using the substitution r2=x2+y2, where r measures distance from the origin ( reasonable
as the Gaussian is circularly symmetric, the 2D Gaussian can be converted into a 1D
function that is easier to differentiate.
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•

The first derivative is

•

and the second derivative (LoG) is

•

After returning to the original co-ordinates x, y and introducing a normalizing
multiplicative coefficient c (that includes 1/ 2), we get a convolution mask of a zero
crossing detector

where c normalizes the sum of mask elements to zero.
•

Finding second derivatives in this way is very robust.

•

Gaussian smoothing effectively suppresses the influence of the pixels that are up to a
distance 3 sigma from the current pixel; then the Laplace operator is an efficient and
stable measure of changes in the image.

•

The location in the LoG image where the zero level is crossed corresponds to the
position of the edges.

•

The advantage of this approach compared to classical edge operators of small size is
that a larger area surrounding the current pixel is taken into account; the influence of
more distant points decreases according to the of the Gaussian.

•

The variation does not affect the location of the zero crossings.

•

Convolution masks become large for larger ; for example, = 4 needs a mask about
40 pixels wide.

•

The practical implication of Gaussian smoothing is that edges are found reliably.

•

If only globally significant edges are required, the standard deviation of the Gaussian
smoothing filter may be increased, having the effect of suppressing less significant
evidence.

•

The LoG operator can be very effectively approximated by convolution with a mask
that is the difference of two Gaussian averaging masks with substantially different this method is called the Difference of Gaussians - DoG.

•

Even coarser approximations to LoG are sometimes used - the image is filtered twice
by an averaging operator with smoothing masks of different size and the difference
image is produced.

•

Disadvantages of zero-crossing:
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•

o

smoothes the shape too much; for example sharp corners are lost

o

tends to create closed loops of edges

With an example of 3x3 operator, that approximates the first derivative and a 3x3
operator that approximates the second derivative, briefly explain how edges can be
detected in an image, using derivatives.

4.4 Scale in image processing
•

Many image processing techniques work locally. The essential problem in such
computation is scale

•

Edges correspond to the gradient of the image function that is computed as a difference
between pixels in some neighbourhood.

•

There is seldom a sound reason for choosing a particular size of neighbourhood.

•

o

The right size depends on the size of the objects under investigation.

o

To know what the objects are assumes that it is clear how to interpret an image.

o

This is not in general known at the pre-processing stage.

Scale in image processing examples/solutions
o

Processing of planar noisy curves at a range of scales - the segment of curve
that represents the underlying structure of the scene needs to be found.

•

After smoothing using the Gaussian filter with varying standard deviations, the
significant segments of the original curve can be found.

•

The task can be formulated as an optimization problem in which two criteria are used
simultaneously
o

the longer the curve segment the better

o

the change of curvature should be minimal.

•

Scale space filtering describes signals qualitatively with respect to scale.

•

The original 1D signal f(x) is smoothed by convolution with a 1D Gaussian

•

If the standard deviation is slowly changed the following function represents a surface
on the (x, ) plane that is called the scale--space image.

•

Inflection points of the curve F(x,
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•

Inflection points:

•

The positions of inflection points can be drawn as a set of curves in (x, ) co-ordinates.

•

Coarse to fine analysis of the curves corresponding to inflection points, i.e., in the
direction of the decreasing value of the , localizes large-scale events.

•

The qualitative information contained in the scale--space image can be transformed into
a simple interval tree that expresses the structure of the signal f(x) over all observed
scales.

•

The interval tree is built from the root that corresponds to the largest scale.

•

The scale-space image is searched in
the direction of decreasing .

•

The interval tree branches at those
points
where
new
curves
corresponding to inflection points
appear.

•

The third example of the application
of scale - Canny edge detector.

4.5 Canny edge detection
•

This method is optimal for step edges corrupted by white noise

•

The optimality related to three criteria

•

o

detection criterion ... important edges should not be missed, there should be no
spurious responses

o

localization criterion ... distance between the actual and located position of the
edge should be minimal

o

one response criterion ... minimizes multiple responses to a single edge (also
partly covered by the first criterion since when there are two responses to a
single edge one of them should be considered as false)

Canny's edge detector is based on several ideas:
1) The edge detector was expressed for a 1D signal and the first two optimality criteria.
A closed form solution was found using the calculus of variations.
2) If the third criterion (multiple responses) is added, the best solution may be found by
numerical optimization. The resulting filter can be approximated effectively with error
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less than 20% by the first derivative of a Gaussian smoothing filter with standard
deviation ; the reason for doing this is the existence of an effective implementation.
o

There is a strong similarity here to the Marr-Hildreth edge detector (Laplacian
of a Gaussian)

3) The detector is then generalized to two dimensions. A step edge is given by its
position, orientation, and possibly magnitude (strength).
o

It can be shown that convoluting an image with a symmetric 2D Gaussian and
then differentiating in the direction of the gradient (perpendicular to the edge
direction) forms a simple and effective directional operator.

o

Recall that the Marr-Hildreth zero crossing operator does not give information
about edge direction as it uses Laplacian filter.

Suppose G is a 2D Gaussian (equation 4.50) and assume we wish to convolute the image
with an operator Gn which is a first derivative of G in the direction n.

The direction n should be oriented perpendicular to the edge
o

this direction is not known in advance. however, a robust estimate of it based
on the smoothed gradient direction is available if g is the image, the normal to
the edge is estimated as

The edge location is then at the local maximum in the direction n of the operator Gn
convoluted with the image g
Substituting in equation 4.62 for Gn
from equation 4.60, we get
This equation 4.63 shows how to find local maxima in the direction perpendicular to the edge;
this operation is often referred to as non-maximum suppression.
As the convolution and derivative are associative operations in equation 4.63
•

first convolute an image g with a symmetric Gaussian G, then compute the directional
second derivative using an estimate of the direction n computed according to equation
4.61.

4) Spurious responses to the single edge caused by noise usually create a so called 'streaking'
problem that is very common in edge detection in general.
Output of an edge detector is usually threshold to decide which edges are significant. Streaking
means breaking up of the edge contour caused by the operator fluctuating above and below the
threshold. Streaking can be eliminated by thresholding with hysteresis.
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•

If any edge response is above a high threshold, those pixels constitute definite output
of the edge detector for a particular scale.

•

Individual weak responses usually correspond to noise, but if these points are connected
to any of the pixels with strong responses they are more likely to be actual edges in the
image. Such connected pixels are treated as edge pixels if their response is above a low
threshold.

•

The low and high thresholds are set according to an estimated signal to noise ratio.

5) The correct scale for the operator depends on the objects contained in the image.
The solution to this unknown is to use multiple scales and aggregate information from them.
Different scale for the Canny detector is represented by different standard deviations of the
Gaussians.
There may be several scales of operators that give significant responses to edges (i.e., signal to
noise ratio above the threshold); in this case the operator with the smallest scale is chosen as it
gives the best localization of the edge.
Feature synthesis approach.
•

All significant edges from the operator with the smallest scale are marked first.

•

Edges of a hypothetical operator with larger are synthesized from them (i.e., a
prediction is made of how the large should perform on the evidence gleaned from the
smaller ).

•

Then the synthesized edge response is compared with the actual edge response for
larger .

•

Additional edges are marked only if they have significantly stronger response than that
predicted from synthetic output.

This procedure may be repeated for a sequence of scales, a cumulative edge map is built by
adding those edges that were not identified at smaller scales.

Algorithm: Canny edge detector
1. Repeat steps (2) till (6) for ascending values of the standard deviation .
2. Smoothing: Convolve an image g with a Gaussian of scale .
3. Finding gradients: Compute the magnitude of the edge using equation

4. Finding edge direction: Estimate local edge normal directions n using equation (4.61)
for each pixel in the image. The edges should be marked where the gradients of the
image have large magnitudes.
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Approximate the edge direction

5. Non-maximal suppression: Find the
location of the
edges using equation (4.63). Only local maxima should be marked as edges.
Nonmaximum suppression is used to trace along the edge in the edge direction and
suppress any pixel value (sets it equal to 0) that is not considered to be an edge.

6. Edge tracking by hysteresis: Final edges are determined by suppressing all edges that
are not connected to a very certain (strong) edge. Threshold edges in the image with
hysteresis to eliminate spurious responses.
7. Aggregate the final information about edges at multiple scales using the `feature
synthesis' approach.
•

Explain three criteria’s used for development of Canny edge detection. Also
explain the steps involved in Canny edge detection. (12 M)

4.6 Parametric edge models
•

Parametric models are based on the idea that the discrete image intensity function can be
considered a sampled and noisy approximation of the underlying continuous or piecewise
continuous image intensity function.

•

While the continuous image intensity function is not known, it can be estimated from the
available discrete image intensity function

•

Since modeling the image as a single continuous function leads to high-order intensity
functions in x and y, it is practically impossible to represent image intensities using a single
continuous function.

•

Instead, piecewise continuous function estimates called facets are used to represent (a
neighborhood of) each image pixel. Such image representation is called the facet model

•

The facet models and their modifications can be used for peak noise removal, segmentation
into constant-gray-level regions, gradient edge detection etc.

•

To provide an edge detection example, consider a bi-cubic facet model

•

The parameters of above equations c1 c2 .. c10 are estimated from a pixel neighborhood.
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4.7 Other local pre-processing operators
•

Lines in the image can be detected by a number of local convolution operators - local
value is specified as:

•

A set of 5 x 5 line detection masks:

Line Thining
•

A binary image with edges that have magnitude higher than a threshold is used as input.
One denotes edge pixels and zeros the rest of the image. The following masks are used to
thin the lines in the image. The letter x denotes either a 0 or 1.

•

The mask pattern is checked at each pixel in the image. If the mask matches, the edge is
thinned by replacing the pixel value in the center of the mask by zero.

Edge Filling
•

Edge points after thresholding do not create contiguous boundaries. Edge filling tries
to recover edge pixels on the potential object boundary which are missing.
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•

Local edge filling checks to see if the 3x3 neighborshood of each pixel matches one of
the patterns below. If there is a match, the central pixel of the neighborhood is changed
from a zero to a one.

Corner Detection with the Moravec Detector
•

Input to the corner detector is the gray-level image. Output is an image in which values
are proportional to the likelihood that the pixel is a corner.

•

The Moravec detector is maximal in pixels with high contrast. These points are on
corners and sharp edges.

Parametric corner operator using the Zuniga-Haralick (ZH) operator
•

The image function f is approximated in the neighborhood of the pixel (i,j) by a cubic
polynomial with coefficients ck. This is a cubic facet model.

•

The ZH operator estimates the corner strength based on the coefficients of the cubic
facet model.

4.8 Adaptive neighbourhood pre-processing
So far in our discussion the the neighbourhood for the pixel pre-processing are fixed. A recent
approach is to construct adaptive neighbourhood for each pixel. The shape and size is
dependent on the value of the pixel.
For example, the adaptive neighbourhood of the pixel f(i,j) is defined as a set of pixels f(k,l)
eight connected to the seed pixel(pixel under processing) and satisfying the following property:
|

,

, |

or

|

, |

,
,

where T1 and T2 are the parameters.
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