
Convolution



Convolution



Convolution



Convolution



Gaussian Smoothing

Gσ(x, y) = 1
2πσ2 e− x2 + y2

2σ2

x
y



Gaussian Smoothing

1
16 [

1 2 1
2 4 2
1 2 1]

Gσ(x, y) = 1
2πσ2 e− x2 + y2

2σ2

x
y



Gaussian Smoothing

1
16 [

1 2 1
2 4 2
1 2 1] 1

57

0 1 2 1 0
1 3 5 3 1
2 5 9 5 2
1 3 5 3 1
0 1 2 1 0

Gσ(x, y) = 1
2πσ2 e− x2 + y2

2σ2

x
y



Gaussian Smoothing

1
16 [

1 2 1
2 4 2
1 2 1] 1

57

0 1 2 1 0
1 3 5 3 1
2 5 9 5 2
1 3 5 3 1
0 1 2 1 0

Gσ(x, y) = 1
2πσ2 e− x2 + y2

2σ2

x
y



Edges and Gradients

▿ I = [Iu
Iv] ∥▿ I∥2 = I2

u + I2
v

∥▿ I∥∞ = � Iu � + � Iv �

[▿I ]θ = tan−1 Iv

Iu



Edges and Gradients

▿ I = [Iu
Iv] ∥▿ I∥2 = I2

u + I2
vI1 I2 I3

I4 I5 I6
I7 I8 I9

∥▿ I∥∞ = � Iu � + � Iv �

[▿I ]θ = tan−1 Iv

Iu



Edges and Gradients

▿ I = [Iu
Iv] ∥▿ I∥2 = I2

u + I2
vI1 I2 I3

I4 I5 I6
I7 I8 I9

∥▿ I∥∞ = � Iu � + � Iv �

[▿I ]θ = tan−1 Iv

Iu

I6 − I4
2

I8 − I2
2

=



Edges and Gradients

▿ I = [Iu
Iv] ∥▿ I∥2 = I2

u + I2
vI1 I2 I3

I4 I5 I6
I7 I8 I9

∥▿ I∥∞ = � Iu � + � Iv �

[▿I ]θ = tan−1 Iv

Iu

I6 − I4
2

I8 − I2
2

=



Edges and Gradients

▿ I = [Iu
Iv] ∥▿ I∥2 = I2

u + I2
vI1 I2 I3

I4 I5 I6
I7 I8 I9

∥▿ I∥∞ = � Iu � + � Iv �

[▿I ]θ = tan−1 Iv

Iu

I6 − I4
2

I8 − I2
2

=



Edges and Gradients

▿ I = [Iu
Iv] ∥▿ I∥2 = I2

u + I2
vI1 I2 I3

I4 I5 I6
I7 I8 I9

∥▿ I∥∞ = � Iu � + � Iv �

[▿I ]θ = tan−1 Iv

Iu

I6 − I4
2

I8 − I2
2

=

u
v



Edges and Gradients

▿ I = [Iu
Iv] ∥▿ I∥2 = I2

u + I2
vI1 I2 I3

I4 I5 I6
I7 I8 I9

∥▿ I∥∞ = � Iu � + � Iv �

[▿I ]θ = tan−1 Iv

Iu

I6 − I4
2

I8 − I2
2

=

I3 − I7

2 2
cos 45∘

− I3 − I7

2 2
sin 45∘

=
I3 − I7

4
I7 − I3

4

u
v



Edges and Gradients

▿ I = [Iu
Iv] ∥▿ I∥2 = I2

u + I2
vI1 I2 I3

I4 I5 I6
I7 I8 I9

∥▿ I∥∞ = � Iu � + � Iv �

[▿I ]θ = tan−1 Iv

Iu

I6 − I4
2

I8 − I2
2

=

I3 − I7

2 2
cos 45∘

− I3 − I7

2 2
sin 45∘

=
I3 − I7

4
I7 − I3

4

u
v

1
12[2(I6 − I4) + (I3 − I7) + (I9 − I1)]Iu =



Edges and Gradients

▿ I = [Iu
Iv] ∥▿ I∥2 = I2

u + I2
vI1 I2 I3

I4 I5 I6
I7 I8 I9

∥▿ I∥∞ = � Iu � + � Iv �

[▿I ]θ = tan−1 Iv

Iu

I6 − I4
2

I8 − I2
2

=

I3 − I7

2 2
cos 45∘

− I3 − I7

2 2
sin 45∘

=
I3 − I7

4
I7 − I3

4

u
v

[2(I6 − I4) + (I3 − I7) + (I9 − I1)]Iu =

2(I8 − I2) + (I9 − I1) + (I7 − I3)Iv =



Edges and Gradients

▿ I = [Iu
Iv]

[
−1 −2 −1
0 0 0
1 2 1 ]

[
−1 0 1
−2 0 2
−1 0 1] Sobel Filters

∥▿ I∥2 = I2
u + I2

vI1 I2 I3
I4 I5 I6
I7 I8 I9

∥▿ I∥∞ = � Iu � + � Iv �

[▿I ]θ = tan−1 Iv

Iu

I6 − I4
2

I8 − I2
2

=

I3 − I7

2 2
cos 45∘

− I3 − I7

2 2
sin 45∘

=
I3 − I7

4
I7 − I3

4

u
v

[2(I6 − I4) + (I3 − I7) + (I9 − I1)]Iu =

2(I8 − I2) + (I9 − I1) + (I7 − I3)Iv =



Laplacian

Laplace Filter

∥▿ I∥ = I2
u + I2

v

▿2 I = I2
uu + I2

vv



Laplacian

Laplace Filter

∥▿ I∥ = I2
u + I2

v

▿2 I = I2
uu + I2

vv

[
0 1 0
1 −4 1
0 1 0]



Laplacian

Laplace Filter

∥▿ I∥ = I2
u + I2

v

▿2 I = I2
uu + I2

vv

[
0 1 0
1 −4 1
0 1 0]

0 0 −1 0 0
0 −1 −2 −1 1

−1 −2 16 −2 −1
0 −1 −2 −1 1
0 0 −1 0 0



Sharpen

I - s(I*fL)

[
−1 −1 −1
−1 9 + ϵ −1
−1 −1 −1]

0 −1 0
−1 5 + ϵ −1
0 −1 0

Highboost Filters



Median Filter

» Replace by the median of neighborhood 
» Sort by intensity 

– Not convolution 
– Not linear

Preserves edges 
Removes spikes 
(salt & pepper)



Bilateral Filter

» Smooths while preserving strong edges
– If intensity difference is high, reduce Gaussian 

weight
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Bilateral Filter
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Bilateral Filter

» Smooths while preserving strong edges
– If intensity difference is high, reduce Gaussian 

weight

– Non-linear

1
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Bilateral Filter

» Smooths while preserving strong edges
– If intensity difference is high, reduce Gaussian 

weight

– Non-linear

1
W ∑

x,y
G(x, y)G′ (I(x, y) − I(u, v)) I(x, y)

Gaussian 
Smoothing

1D Gaussian over 
intensity difference

W = ∑
x,y

G(x, y)G′ (I(x, y) − I(u, v))



[Durand & Dorsey]

Bilateral Filter

» Smooths while preserving strong edges
– If intensity difference is high, reduce Gaussian 

weight

– Non-linear
– May accentuate false edges: don’t know real edges 

1
W ∑
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G(x, y)G′ (I(x, y) − I(u, v)) I(x, y)

Gaussian 
Smoothing

1D Gaussian over 
intensity difference
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Canny Edge Detector

» Smooth 
– Remove noise 

» Compute intensity gradients 
– High magnitude means edge in the neighborhood 

• Not sharp  

» Shortlist local maxima 
» Apply upper and lower thresholds 
» Eliminate if not connected to strong edges



Canny Edge Detector

» Smooth 
– Gaussian Filter

» Compute intensity gradient 
– Sobel Filter Iu and Iv Filter 

– Strength = , Direction =  I2
u + I2

v tan−1 Iv

Iu
» Sharpen by retaining the local maxima 

– Round gradient direction to nearest 45° (8 neighbors) 
– Compare the edge strength with that of the neighbors in ±direction 
– Unmark pixel if the edge strength of either neighbor is higher

» Two thresholds to classify non-edge, weak edge, strong edge
» Edge hysteresis (BLOB — Binary Large OBject) 

– Create BLOBs of weak and string edges using 8-connected 
neighborhood 

– Unmark BLOBs with no strong edge



Canny Edge Detector

» Smooth 
– Gaussian Filter

» Compute intensity gradient 
– Sobel Filter Iu and Iv Filter 

– Strength = , Direction =  I2
u + I2

v tan−1 Iv

Iu
» Sharpen by retaining the local maxima 

– Round gradient direction to nearest 45° (8 neighbors) 
– Compare the edge strength with that of the neighbors in ±direction 
– Unmark pixel if the edge strength of either neighbor is higher

» Two thresholds to classify non-edge, weak edge, strong edge
» Edge hysteresis (BLOB — Binary Large OBject) 

– Create BLOBs of weak and string edges using 8-connected 
neighborhood 

– Unmark BLOBs with no strong edge

cv::Canny(Image, edges, threshold1, threshold2, sobelSize, useL2norm);



Canny Edge Detector Example

(a) Original (b) Smoothed

Figure 2: The original grayscale image is smoothed with a Gaussian filter to suppress noise.

2.2 Finding gradients

The Canny algorithm basically finds edges where the grayscale intensity of the image changes
the most. These areas are found by determining gradients of the image. Gradients at each pixel
in the smoothed image are determined by applying what is known as the Sobel-operator. First
step is to approximate the gradient in the x- and y-direction respectively by applying the kernels
shown in Equation (2).

KGX =

⎡

⎣

−1 0 1
−2 0 2
−1 0 1

⎤

⎦

KGY =

⎡

⎣

1 2 1
0 0 0
−1 −2 −1

⎤

⎦ (2)

The gradient magnitudes (also known as the edge strengths) can then be determined as an
Euclidean distance measure by applying the law of Pythagoras as shown in Equation (3). It
is sometimes simplified by applying Manhattan distance measure as shown in Equation (4) to
reduce the computational complexity. The Euclidean distance measure has been applied to the
test image. The computed edge strengths are compared to the smoothed image in Figure 3.

|G| =
√

G2
x + G2

y (3)

|G| = |Gx| + |Gy| (4)

where:
Gx and Gy are the gradients in the x- and y-directions respectively.

It is obvious from Figure 3, that an image of the gradient magnitudes often indicate the edges
quite clearly. However, the edges are typically broad and thus do not indicate exactly where
the edges are. To make it possible to determine this (see Section 2.3), the direction of the edges
must be determined and stored as shown in Equation (5).

θ = arctan

(

|Gy|

|Gx|

)

(5)

3

Image Smoothed(a) Smoothed (b) Gradient magnitudes

Figure 3: The gradient magnitudes in the smoothed image shown in 3b as well as their directions are
determined by applying e.g. the Sobel-operator.

2.3 Non-maximum suppression

The purpose of this step is to convert the “blurred” edges in the image of the gradient magnitudes
to “sharp” edges. Basically this is done by preserving all local maxima in the gradient image,
and deleting everything else. The algorithm is for each pixel in the gradient image:

1. Round the gradient direction θ to nearest 45◦, corresponding to the use of an 8-connected
neighbourhood.

2. Compare the edge strength of the current pixel with the edge strength of the pixel in the
positive and negative gradient direction. I.e. if the gradient direction is north (theta =
90◦), compare with the pixels to the north and south.

3. If the edge strength of the current pixel is largest; preserve the value of the edge strength.
If not, suppress (i.e. remove) the value.

A simple example of non-maximum suppression is shown in Figure 4. Almost all pixels have
gradient directions pointing north. They are therefore compared with the pixels above and
below. The pixels that turn out to be maximal in this comparison are marked with white
borders. All other pixels will be suppressed. Figure 5 shows the effect on the test image.
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Figure 4: Illustration of non-maximum suppression. The edge strengths are indicated both as colors and
numbers, while the gradient directions are shown as arrows. The resulting edge pixels are marked with
white borders.
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Magnitude
(a) Gradient values (b) Edges after non-maximum sup-

pression

Figure 5: Non-maximum suppression. Edge-pixels are only preserved where the gradient has local
maxima.

2.4 Double thresholding

The edge-pixels remaining after the non-maximum suppression step are (still) marked with their
strength pixel-by-pixel. Many of these will probably be true edges in the image, but some may
be caused by noise or color variations for instance due to rough surfaces. The simplest way to
discern between these would be to use a threshold, so that only edges stronger that a certain
value would be preserved. The Canny edge detection algorithm uses double thresholding. Edge
pixels stronger than the high threshold are marked as strong ; edge pixels weaker than the low
threshold are suppressed and edge pixels between the two thresholds are marked as weak. The
effect on the test image with thresholds of 20 and 80 is shown in Figure 6.

(a) Edges after non-maximum sup-

pression

(b) Double thresholding

Figure 6: Thresholding of edges. In the second image strong edges are white, while weak edges are grey.
Edges with a strength below both thresholds are suppressed.

2.5 Edge tracking by hysteresis

Strong edges are interpreted as “certain edges”, and can immediately be included in the final
edge image. Weak edges are included if and only if they are connected to strong edges. The

5

Local 
Maxima

(a) Gradient values (b) Edges after non-maximum sup-

pression

Figure 5: Non-maximum suppression. Edge-pixels are only preserved where the gradient has local
maxima.

2.4 Double thresholding

The edge-pixels remaining after the non-maximum suppression step are (still) marked with their
strength pixel-by-pixel. Many of these will probably be true edges in the image, but some may
be caused by noise or color variations for instance due to rough surfaces. The simplest way to
discern between these would be to use a threshold, so that only edges stronger that a certain
value would be preserved. The Canny edge detection algorithm uses double thresholding. Edge
pixels stronger than the high threshold are marked as strong ; edge pixels weaker than the low
threshold are suppressed and edge pixels between the two thresholds are marked as weak. The
effect on the test image with thresholds of 20 and 80 is shown in Figure 6.

(a) Edges after non-maximum sup-

pression

(b) Double thresholding

Figure 6: Thresholding of edges. In the second image strong edges are white, while weak edges are grey.
Edges with a strength below both thresholds are suppressed.

2.5 Edge tracking by hysteresis

Strong edges are interpreted as “certain edges”, and can immediately be included in the final
edge image. Weak edges are included if and only if they are connected to strong edges. The
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logic is of course that noise and other small variations are unlikely to result in a strong edge
(with proper adjustment of the threshold levels). Thus strong edges will (almost) only be due to
true edges in the original image. The weak edges can either be due to true edges or noise/color
variations. The latter type will probably be distributed independently of edges on the entire
image, and thus only a small amount will be located adjacent to strong edges. Weak edges due
to true edges are much more likely to be connected directly to strong edges.

Edge tracking can be implemented by BLOB-analysis (Binary Large OBject). The edge pixels
are divided into connected BLOB’s using 8-connected neighbourhood. BLOB’s containing at
least one strong edge pixel are then preserved, while other BLOB’s are suppressed. The effect
of edge tracking on the test image is shown in Figure 7.

(a) Double thresholding (b) Edge tracking by hysteresis (c) Final output

Figure 7: Edge tracking and final output. The middle image shows strong edges in white, weak edges
connected to strong edges in blue, and other weak edges in red.

3 Implementation of Canny Edge Detection

As noted in Section 1, all images in this worksheet (except the original) are produced by our
implementation. A few things should be noted with regards to this:

1. The (source) image and the thresholds can be chosen arbitrarily.

2. Only a smoothing filter with a standard deviation of σ = 1.4 is supported (the one shown
in Equation 1).

3. The implementation uses the “correct” Euclidean measure for the edge strengths, described
in Section 2.2.

4. The different filters cannot be applied to edge pixels. This causes the output image to be
8 pixels smaller in each direction.

The last step in the algorithm known as edge tracking can be implemented as either iterative
or recursive BLOB analysis [4]. A recursive implementation can use the grass-fire algorithm.
However, our implementation uses the iterative approach. First all weak edges are scanned
for neighbour edges and joined into groups. At the same time it is marked which groups are
adjacent. Then all of these markings are examined to determine which groups of weak edges are
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logic is of course that noise and other small variations are unlikely to result in a strong edge
(with proper adjustment of the threshold levels). Thus strong edges will (almost) only be due to
true edges in the original image. The weak edges can either be due to true edges or noise/color
variations. The latter type will probably be distributed independently of edges on the entire
image, and thus only a small amount will be located adjacent to strong edges. Weak edges due
to true edges are much more likely to be connected directly to strong edges.

Edge tracking can be implemented by BLOB-analysis (Binary Large OBject). The edge pixels
are divided into connected BLOB’s using 8-connected neighbourhood. BLOB’s containing at
least one strong edge pixel are then preserved, while other BLOB’s are suppressed. The effect
of edge tracking on the test image is shown in Figure 7.

(a) Double thresholding (b) Edge tracking by hysteresis (c) Final output

Figure 7: Edge tracking and final output. The middle image shows strong edges in white, weak edges
connected to strong edges in blue, and other weak edges in red.

3 Implementation of Canny Edge Detection

As noted in Section 1, all images in this worksheet (except the original) are produced by our
implementation. A few things should be noted with regards to this:

1. The (source) image and the thresholds can be chosen arbitrarily.

2. Only a smoothing filter with a standard deviation of σ = 1.4 is supported (the one shown
in Equation 1).

3. The implementation uses the “correct” Euclidean measure for the edge strengths, described
in Section 2.2.

4. The different filters cannot be applied to edge pixels. This causes the output image to be
8 pixels smaller in each direction.

The last step in the algorithm known as edge tracking can be implemented as either iterative
or recursive BLOB analysis [4]. A recursive implementation can use the grass-fire algorithm.
However, our implementation uses the iterative approach. First all weak edges are scanned
for neighbour edges and joined into groups. At the same time it is marked which groups are
adjacent. Then all of these markings are examined to determine which groups of weak edges are
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Canny Edge Detector Example

(a) Original (b) Smoothed

Figure 2: The original grayscale image is smoothed with a Gaussian filter to suppress noise.

2.2 Finding gradients

The Canny algorithm basically finds edges where the grayscale intensity of the image changes
the most. These areas are found by determining gradients of the image. Gradients at each pixel
in the smoothed image are determined by applying what is known as the Sobel-operator. First
step is to approximate the gradient in the x- and y-direction respectively by applying the kernels
shown in Equation (2).

KGX =

⎡

⎣

−1 0 1
−2 0 2
−1 0 1

⎤

⎦

KGY =

⎡

⎣

1 2 1
0 0 0
−1 −2 −1

⎤

⎦ (2)

The gradient magnitudes (also known as the edge strengths) can then be determined as an
Euclidean distance measure by applying the law of Pythagoras as shown in Equation (3). It
is sometimes simplified by applying Manhattan distance measure as shown in Equation (4) to
reduce the computational complexity. The Euclidean distance measure has been applied to the
test image. The computed edge strengths are compared to the smoothed image in Figure 3.

|G| =
√

G2
x + G2

y (3)

|G| = |Gx| + |Gy| (4)

where:
Gx and Gy are the gradients in the x- and y-directions respectively.

It is obvious from Figure 3, that an image of the gradient magnitudes often indicate the edges
quite clearly. However, the edges are typically broad and thus do not indicate exactly where
the edges are. To make it possible to determine this (see Section 2.3), the direction of the edges
must be determined and stored as shown in Equation (5).

θ = arctan

(

|Gy|

|Gx|

)

(5)
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Image Smoothed(a) Smoothed (b) Gradient magnitudes

Figure 3: The gradient magnitudes in the smoothed image shown in 3b as well as their directions are
determined by applying e.g. the Sobel-operator.

2.3 Non-maximum suppression

The purpose of this step is to convert the “blurred” edges in the image of the gradient magnitudes
to “sharp” edges. Basically this is done by preserving all local maxima in the gradient image,
and deleting everything else. The algorithm is for each pixel in the gradient image:

1. Round the gradient direction θ to nearest 45◦, corresponding to the use of an 8-connected
neighbourhood.

2. Compare the edge strength of the current pixel with the edge strength of the pixel in the
positive and negative gradient direction. I.e. if the gradient direction is north (theta =
90◦), compare with the pixels to the north and south.

3. If the edge strength of the current pixel is largest; preserve the value of the edge strength.
If not, suppress (i.e. remove) the value.

A simple example of non-maximum suppression is shown in Figure 4. Almost all pixels have
gradient directions pointing north. They are therefore compared with the pixels above and
below. The pixels that turn out to be maximal in this comparison are marked with white
borders. All other pixels will be suppressed. Figure 5 shows the effect on the test image.
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Figure 4: Illustration of non-maximum suppression. The edge strengths are indicated both as colors and
numbers, while the gradient directions are shown as arrows. The resulting edge pixels are marked with
white borders.
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Figure 5: Non-maximum suppression. Edge-pixels are only preserved where the gradient has local
maxima.

2.4 Double thresholding

The edge-pixels remaining after the non-maximum suppression step are (still) marked with their
strength pixel-by-pixel. Many of these will probably be true edges in the image, but some may
be caused by noise or color variations for instance due to rough surfaces. The simplest way to
discern between these would be to use a threshold, so that only edges stronger that a certain
value would be preserved. The Canny edge detection algorithm uses double thresholding. Edge
pixels stronger than the high threshold are marked as strong ; edge pixels weaker than the low
threshold are suppressed and edge pixels between the two thresholds are marked as weak. The
effect on the test image with thresholds of 20 and 80 is shown in Figure 6.

(a) Edges after non-maximum sup-

pression

(b) Double thresholding

Figure 6: Thresholding of edges. In the second image strong edges are white, while weak edges are grey.
Edges with a strength below both thresholds are suppressed.

2.5 Edge tracking by hysteresis

Strong edges are interpreted as “certain edges”, and can immediately be included in the final
edge image. Weak edges are included if and only if they are connected to strong edges. The
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Figure 5: Non-maximum suppression. Edge-pixels are only preserved where the gradient has local
maxima.

2.4 Double thresholding

The edge-pixels remaining after the non-maximum suppression step are (still) marked with their
strength pixel-by-pixel. Many of these will probably be true edges in the image, but some may
be caused by noise or color variations for instance due to rough surfaces. The simplest way to
discern between these would be to use a threshold, so that only edges stronger that a certain
value would be preserved. The Canny edge detection algorithm uses double thresholding. Edge
pixels stronger than the high threshold are marked as strong ; edge pixels weaker than the low
threshold are suppressed and edge pixels between the two thresholds are marked as weak. The
effect on the test image with thresholds of 20 and 80 is shown in Figure 6.

(a) Edges after non-maximum sup-

pression

(b) Double thresholding

Figure 6: Thresholding of edges. In the second image strong edges are white, while weak edges are grey.
Edges with a strength below both thresholds are suppressed.

2.5 Edge tracking by hysteresis

Strong edges are interpreted as “certain edges”, and can immediately be included in the final
edge image. Weak edges are included if and only if they are connected to strong edges. The
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logic is of course that noise and other small variations are unlikely to result in a strong edge
(with proper adjustment of the threshold levels). Thus strong edges will (almost) only be due to
true edges in the original image. The weak edges can either be due to true edges or noise/color
variations. The latter type will probably be distributed independently of edges on the entire
image, and thus only a small amount will be located adjacent to strong edges. Weak edges due
to true edges are much more likely to be connected directly to strong edges.

Edge tracking can be implemented by BLOB-analysis (Binary Large OBject). The edge pixels
are divided into connected BLOB’s using 8-connected neighbourhood. BLOB’s containing at
least one strong edge pixel are then preserved, while other BLOB’s are suppressed. The effect
of edge tracking on the test image is shown in Figure 7.

(a) Double thresholding (b) Edge tracking by hysteresis (c) Final output

Figure 7: Edge tracking and final output. The middle image shows strong edges in white, weak edges
connected to strong edges in blue, and other weak edges in red.

3 Implementation of Canny Edge Detection

As noted in Section 1, all images in this worksheet (except the original) are produced by our
implementation. A few things should be noted with regards to this:

1. The (source) image and the thresholds can be chosen arbitrarily.

2. Only a smoothing filter with a standard deviation of σ = 1.4 is supported (the one shown
in Equation 1).

3. The implementation uses the “correct” Euclidean measure for the edge strengths, described
in Section 2.2.

4. The different filters cannot be applied to edge pixels. This causes the output image to be
8 pixels smaller in each direction.

The last step in the algorithm known as edge tracking can be implemented as either iterative
or recursive BLOB analysis [4]. A recursive implementation can use the grass-fire algorithm.
However, our implementation uses the iterative approach. First all weak edges are scanned
for neighbour edges and joined into groups. At the same time it is marked which groups are
adjacent. Then all of these markings are examined to determine which groups of weak edges are
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logic is of course that noise and other small variations are unlikely to result in a strong edge
(with proper adjustment of the threshold levels). Thus strong edges will (almost) only be due to
true edges in the original image. The weak edges can either be due to true edges or noise/color
variations. The latter type will probably be distributed independently of edges on the entire
image, and thus only a small amount will be located adjacent to strong edges. Weak edges due
to true edges are much more likely to be connected directly to strong edges.

Edge tracking can be implemented by BLOB-analysis (Binary Large OBject). The edge pixels
are divided into connected BLOB’s using 8-connected neighbourhood. BLOB’s containing at
least one strong edge pixel are then preserved, while other BLOB’s are suppressed. The effect
of edge tracking on the test image is shown in Figure 7.

(a) Double thresholding (b) Edge tracking by hysteresis (c) Final output

Figure 7: Edge tracking and final output. The middle image shows strong edges in white, weak edges
connected to strong edges in blue, and other weak edges in red.

3 Implementation of Canny Edge Detection

As noted in Section 1, all images in this worksheet (except the original) are produced by our
implementation. A few things should be noted with regards to this:

1. The (source) image and the thresholds can be chosen arbitrarily.

2. Only a smoothing filter with a standard deviation of σ = 1.4 is supported (the one shown
in Equation 1).

3. The implementation uses the “correct” Euclidean measure for the edge strengths, described
in Section 2.2.

4. The different filters cannot be applied to edge pixels. This causes the output image to be
8 pixels smaller in each direction.

The last step in the algorithm known as edge tracking can be implemented as either iterative
or recursive BLOB analysis [4]. A recursive implementation can use the grass-fire algorithm.
However, our implementation uses the iterative approach. First all weak edges are scanned
for neighbour edges and joined into groups. At the same time it is marked which groups are
adjacent. Then all of these markings are examined to determine which groups of weak edges are

6

Final Edges



Dual Space for Lines

» A line in the image corresponds to a point in 
Hough space (and vice versa) 
– If set of image points (x,y) form a line, they all map 

to a single point in Hough space 
– Line through image point (x,y) all map to points 

along a line in Hough space 
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Duality: Lines ↔ Points

x m

c

Image space Dual space

y

c = − x1m + y1

x1

y1
y1 = mix1 + ci



Duality: Lines ↔ Points

» m for vertical line is ∞ 
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Duality: Lines ↔ Points

» m for vertical line is ∞ 
» Other parameterizations possible 

–  
• 𝜌 is the distance from the line to the origin 
• θ is the angle between the line's perpendicular and the x 

axis

ρ = x cos θ + y sin θ
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x1

y1
y1 = mix1 + ci



Hough Transform

» Each ‘edge’ pixel votes for an (𝜌, θ) bucket 
» More votes indicate stronger evidence of line 
» Reduces edge ‘blobbing’ to peak detection
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Hough Transform

» Each ‘edge’ pixel votes for an (𝜌, θ) bucket 
» More votes indicate stronger evidence of line 
» Reduces edge ‘blobbing’ to peak detection
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Hough Transform

» Each ‘edge’ pixel votes for an (𝜌, θ) bucket 
» More votes indicate stronger evidence of line 
» Reduces edge ‘blobbing’ to peak detection
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Hough Transform

» Each ‘edge’ pixel votes for an (𝜌, θ) bucket 
» More votes indicate stronger evidence of line 
» Reduces edge ‘blobbing’ to peak detection
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Hough Transform

» Initialize H[𝜌][θ] = 0 (discretize Hough space) 
» For each edge pixel (u,v) in the image 

– Compute gradient (m) 
– Compute 𝜌, θ 
– Vote: H[𝜌][θ] += 1 

» Find clusters where H[𝜌][θ] is high
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Hough Transform

» Initialize H[𝜌][θ] = 0 (discretize Hough space) 
» For each edge pixel (u,v) in the image 

– Compute gradient (m) 
– Compute 𝜌, θ 
– Vote: H[𝜌][θ] += 1 

» Find clusters where H[𝜌][θ] is high

u θ

𝜌

𝜌1

θ1

Pixel space Accumulator space

v

𝜌1

𝜌

θ1

• Give higher vote for stronger gradient 
• Extends to other shapes (curves, ellipses ..)



Hough Transform

» Choose bucket resolution appropriately 
– Use multi-resolution grid 

»  For (𝜌, θ) at the boundaries of buckets 
– votes are split 
– Smooth the Hough image 

» (𝜌, θ) indicates a line; Need line segment 
– Record pixels that voted for this (𝜌, θ) 
– Sort them 
– Break if two consecutive pixels in the sorted list 

have a large ‘gap’ 
– Can also find the best-fit line



Hough Transform

» Choose bucket resolution appropriately 
– Use multi-resolution grid 

»  For (𝜌, θ) at the boundaries of buckets 
– votes are split 
– Smooth the Hough image 

» (𝜌, θ) indicates a line; Need line segment 
– Record pixels that voted for this (𝜌, θ) 
– Sort them 
– Break if two consecutive pixels in the sorted list 

have a large ‘gap’ 
– Can also find the best-fit line

cv::HoughLines(edgeImage, lines, step_rho, step_theta, vote_threshold, 
srn, // Multi-scale Hough transform: divisor for step_rho  
stn, // divisor for the step_theta 
min_theta, max_theta);



Features

» SIFT: Scale Invariant Feature Transform 
» SURF: Speeded up Robust Features 
» FAST 
» BRIEF: Binary Robust Independent Elementary 

Features 
» ORB: Oriented Fast and Rotated Brief



SIFT

» Transform to local feature coordinates 
– invariant to translation, rotation, scale, etc.

» Select keypoints (patches) 
– Scale invariance 

• Smooth and Scale: ½⨉½, ¼⨉¼ 
• Defines a scale space: scale as the third dimension 

– Take difference of Gaussian (DOG) 
• For each pixel with its 8 neighbors at its scale and 9 each 

in the higher and lower scale 
• Keypoint = local maxima or minima

» Rotate to align with dominant gradient 
– Can reject flat regions



Keypoint Descriptor

» Normalize Rotation and scale 
– All patches are the same size with vertical orientation

» Compute gradient at all pixels of the patch 
– Smooth them using a Gaussian

» Create an orientation histogram 
– Subdivide patch in sub-patches 
– In each sub-patch, bin by gradient direction and 

magnitude
» The histogram array (in a canonical order) is the 

feature



Issues with Vision Guided Robotics

» Measurement Frequency 
» Measurement Uncertainty 
» Occlusion 
» Camera Positioning 
» Camera resolution and optics 
» Camera weight and size


