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Computer Vision
Week 4

Edge Detection

Interest Operators

Pyramids, Histograms
Chapters 7,8,9

What is an Edge?

Edge: A place in the image where the 
brightness jumps

Step edge

Ramp edge

How to detect edges?

First derivative has 
extrema at edge 
locations

Second derivative 
has 0-crossing at 
edge locations

Edge Detection techniques

1. Gradient-based: Find the extrema 
• Apply thresholding to reduce sensitivity to 

noise

• Edges are thick and/or broken
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Edge Detection techniques

2. Laplacian based

• Noise sensitive

• Too many edges obtained
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Gradient-based techniques

• Approximate gradient by discrete gradient 
operators:
– Roberts
– Prewitt

– Sobel
– Frei&Chen



2

Roberts Gradient Operator

original gradient magnitude after thresholding

Sobel Gradient Operator

original Roberts Sobel

Prewitt Gradient Operator

There are three major issues:
1) The gradient magnitude at different scales is different; which should

we choose?
2) The gradient magnitude is large along thick trail; how

do we identify the significant points?
3) How do we link the relevant points up into curves?

Noise

• Simplest noise model
– independent stationary additive Gaussian noise
– the noise value at each pixel is given by an 

independent draw from the same normal probability 
distribution

Effects of noise
• Consider a single row or column of the image

• Where is the edge?
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• Where is the edge?  

Solution:  smooth first

• Look for peaks in 

sigma=1

sigma=16

Gradient operator responding to 
noise

Increasing noise ->
(this is zero mean additive gaussian noise)

The effects of smoothing
Each row shows smoothing
with gaussians of different
width; each column shows
different realisations of 
an image of gaussian noise.

Smoothing and Differentiation

• Issue:  noise
– smooth before differentiation

– two convolutions to smooth, then 
differentiate?

– actually, no - we can use a 
derivative of Gaussian filter

• because differentiation is 
convolution, and convolution is 
associative
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Derivative of Gaussian -DoG

Gaussian derivative of Gaussian

The scale of the smoothing filter affects derivative estimates, and also
the semantics of the edges recovered.

1 pixel 3 pixels 7 pixels

We wish to mark points along the curve where the magnitude is biggest.
We can do this by looking for a maximum along a slice normal to the curve
(non-maximum suppression).  These points should form a curve.  There are
then two algorithmic issues: at which point is the maximum, and where is the
next one?

Non-maximum
suppression

At q, we have a 
maximum if the 
value is larger 
than those at 
both p and at r. 
Interpolate to 
get these 
values.

Predicting
the next
edge point

Assume the 
marked point is an 
edge point.  Then 
we construct the 
tangent to the edge 
curve (which is 
normal to the 
gradient at that 
point) and use this 
to predict the next 
points (here either 
r or s). 

Remaining issues

• Check that maximum value of gradient 
value is sufficiently large
– drop-outs?  use hysteresis

• use a high threshold to start edge curves and a low 
threshold to continue them.
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Notice

• Something nasty is happening at corners

• Scale affects contrast

• Edges aren’t bounding contours

fine scale
high 
threshold

coarse 
scale,
high 
threshold

coarse
scale
low
threshold

The Canny edge detector

• original image (Lena)
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The Canny edge detector

norm of the gradient

The Canny edge detector

thresholding

The Canny edge detector

thinning
(non-maximum suppression)

Canny Edge Detection

• Gradient-based edge detector
1. LPF with a Gaussian
2. Compute the gradient magnitude and orientation using the 

masks: 

3. Nonmaxima suppression to thin the resulting ridges
4. Apply double thresholding to detect and link edges: Tracking 

can only begin at a point on a ridge higher than T1. Tracking 
then continues in both directions out from that point until the 
height of the ridge falls below T2. 

11

11

11

11

-

---

Nonmaxima Suppression

• Canny does edge thinning by nonmaxima suppression:
– Classify gradient angle into one of 4 sectors:

• 0: -22.5 to 22.5, 180-22.5 to 180+22.5
• 1: 22.5 to 67.5, 180+22.5 to 180+67.5
• 2: 67.5 to 112.5, 180+67.5 to 180+112.5
• 3: 112.5 to 157.5, 180+112.5 to 180+157.5

– Compare center with the 2 neighbors, set to 0 if not greater than 
both

Sector 2 Sector 3 Sector 0 Sector 1

Double Thresholding

• Canny does edge linking by: double 
thresholding:

edge 
starts 
after 
passing 
Thigh

edge 
ends 
when 
gradien
t falls 
below 
Tlow
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Canny Edge Detection

Noisy original Canny Sobel

Effect of s (Gaussian kernel 
size)

Canny with Canny with original 

The choice of     depends on desired behavior

• large     detects large scale edges
• small     detects fine features

Laplacian-based edge detection

Discrete approximations to the Laplacian:

Drawback: very sensitive to noise

Laplacian of Gaussian (LoG)

Smooth the image first with a Gaussian, then take Laplacian

� =1.4

Laplacian of Gaussian (LoG)

Original LoG 0-crossings

• To find 0-crossings, threshold the image 
and find neighboring (+) and (-) values.

Laplacian of Gaussian (LoG)

• Effect of � :

� =1.0 � =2.0 � =3.0
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sigma=2

sigma=4

contrast=1 contrast=4LOG zero crossings

We still have unfortunate behaviour
at corners

Template gradient edge masks

• Use 8 edge masks rather than 2; use max

• Prewitt edge masks:

Other template gradient edge 
masks

Template gradient edge masks

• Give better results on edges that have 
various orientations

Line detectors
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Burns Line Finder

1. Compute the gradient magnitude and direction at each 
pixel

2. Do two separate angle quantizations generating two 
images: (5 is -45 degrees to 45,etc.)

3. Find the connected component of each image and 
compute line length for each component:

– Each pixel is a member of two components
– Each pixel votes for its longer component
– Each component receives a count of pixels that voted for it
– The components that receive the majority support are selected

2 1
3 4

6
7   5

8

Finding Corners and Interest 
Points

1. Harris

2. HOG: Histogram of Oriented Gradients

3. SIFT: Scale Invariant Feature Transform

Corners contain more edges 
than lines.

• A corner is easier

Edge Detectors Tend to Fail at 
Corners

Finding  Corners

Intuition: 

• Right at corner, gradient is ill defined.

• Near corner, gradient has two different 
values. 

54

Consider SSD for a small shift in x, y

Taylor expansion of I(x, y)
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Substitute Taylor expansion in SSD

M is the Harris matrix

Harris Matrix
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We look at matrix:

Sum over a small region, 
the hypothetical corner

Gradient with respect to x, 
times gradient with respect to y

Matrix is symmetric
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First, consider case where:

This means all gradients in neighborhood are:

(k,0)   or   (0, c)   or    (0, 0)  (or off-diagonals cancel).

What is region like if:

1. l 1 = 0? EDGE

2. l 2 = 0? EDGE 

3. l 1 = 0   and   l 2 = 0? UNIFORM

4. l 1 > 0   and   l 2 > 0? CORNER

General Case:
From Linear Algebra, it follows that because C is 
symmetric:

RRC �
�

�
�
�

�
= -

2
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With R a rotation matrix. 

So every case is like one on last slide.

• Harris matrix is also called autocorrelation 
or 2nd moment matrix

• 2 large eigenvalues  =>  interest point
• 1 large eigenvalue    =>  contour
• 0 large eigenvalues  =>  uniform region

• Interest point detection function
–Harris

–Shi-Tomasi
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Interest points extracted with Harris (~ 500 points)
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61

NCC matching plus RANSAC for fundamental matrix

99 inliers 89 outliers
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Histogram of Oriented 
Gradients (HOG)

• Also used as a local interest operator

• Based on gradients

• Orientation histograms

• Tested with
– RGB

– LAB
– Grayscale

• Gamma Normalization and Compression
– Square root
– Log

uncentered

centered

cubic-corrected

diagonal

Sobel

• Histogram of gradient 
orientations
-Orientation     -Position

– Weighted by magnitude
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Pedestrian detection w. HOG
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Scale

• Scale makes a big difference
A bar in the 
big images is 
a hair on the 
zebra’s nose; 
in smaller 
images, a 
stripe; in the 
smallest, the 
animal’s nose

The Gaussian pyramid

• Smooth with Gaussians, because
– a Gaussian*Gaussian=another Gaussian 

• Synthesis 
– smooth and sample

• Analysis
– take the top image

• Gaussians are low pass filters, so 
repetition is redundant

The Laplacian Pyramid

• Synthesis
– preserve difference between upsampled 

Gaussian pyramid level and Gaussian 
pyramid level

– band pass filter - each level represents spatial 
frequencies (largely) unrepresented at other 
levels

• Analysis
– reconstruct Gaussian pyramid, take top layer
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Detector

SIFT: Scale Invariant Feature 
Transform

1. Find Scale-Space Extrema

2. Keypoint Localization & Filtering
– Improve keypoints and throw out bad ones

3. Orientation Assignment
– Remove effects of rotation and scale

4. Create descriptor
– Using histograms of orientations

Descriptor

Scale Space

Scale Space

• Need to find ‘characteristic scale’ for feature
• Scale-Space: Continuous function of scale �

– Only reasonable kernel is Gaussian: 

( ) ( ) ( )yxIyxGyxL DD ,*,,,, ss =

[Koenderink 1984, Lindeberg 1994]

Scale Selection

• Experimentally, Maxima of Laplacian-of-Gaussian gives 
best notion of scale:

• Thus use Laplacian-of-Gaussian (LoG) operator:

Mikolajczyk 2002

G22 Ñs

Approximate LoG

• LoG is expensive, so let’s approximate it
• Using the heat-diffusion equation:

• Define Difference-of-Gaussians (DoG):

( ) ( )
ss

ss
s

s
-
-

»
¶
¶

=Ñ
k

GkGG
G2

( ) ( ) ( )( ) IGkGD *sss -º

( ) ( ) ( )sss GkGGk -»Ñ- 221

DoG efficiency 
• The smoothed images need to be computed in 

any case for feature description.
• We need only to subtract two images.
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DoB filter (`Difference of Boxes') 

Bay, ECCV 2006

n Even faster approximation is using box filters (by 
integral image)

Scale-Space Construction

• First construct scale-space:

s increasing

First octave Second octave

( ) IG *s

( ) IkG *s
( ) IkG *2s

( ) IG *2s

( ) IkG *2 s

( ) IkG *2 2s

Difference-of-Gaussians

• Now take differences:

Scale-Space Extrema

• Choose all extrema within 3x3x3 
neighborhood. 

• Low cost – only several usually checked

( )sD

( )skD

( )s2kD

Detector

SIFT Overview

1. Find Scale-Space Extrema

2. Keypoint Localization & Filtering
– Improve keypoints and throw out bad ones

3. Orientation Assignment
– Remove effects of rotation and scale

4. Create descriptor
– Using histograms of orientations

Descriptor

Keypoint Localization & Filtering

• Now we have much fewer points than 
pixels.

• However, still lots of points (~1000s)…
– With only pixel-accuracy at best

• At higher scales, this corresponds to several pixels 
in base image

– And this includes many bad points

Brown & Lowe 2002
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Keypoint Localization

• The problem:

xSampling

Detected Extrema

True Extrema

Keypoint Localization

• The Solution:
– Take Taylor series expansion:

– Minimize to get true location of extrema:
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Finding Keypoints – Scale, 
Location

• Sub-pixel Localization
– Fit Trivariate quadratic to

find sub-pixel extrema

• Eliminating edges
– Similar to Harris corner detector

Keypoints

(a) 233x189 image
(b) 832 DOG extrema

Keypoint Filtering - Low 
Contrast

• Reject points with bad contrast

is smaller than 0.03 (image values in [0,1]) ( )xD ˆ

Keypoint Filtering - Edges

• Reject points with strong edge response in 
one direction only

• Like Harris - using Trace and Determinant of 
Hessian

Point can move along edge

Point constrained

Point detection Point detection
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Keypoint Filtering - Edges

• check if ratio of principal curvatures is below some 
threshold, r, check:

• r=10
• Only 20 floating points operations to test each 

keypoint

r
r

HDet
HTr 22 )1(

)(
)( +

<

Keypoint Filtering

(c) 729 left after peak value threshold (from 832)
(d) 536 left after testing ratio of principle curvatures

Detector

SIFT Overview

1. Find Scale-Space Extrema

2. Keypoint Localization & Filtering
– Improve keypoints and throw out bad ones

3. Orientation Assignment
– Remove effects of rotation and scale

4. Create descriptor
– Using histograms of orientations

Descriptor

Ideal Descriptors

• Robust to:
– Affine transformation

– Lighting
– Noise

• Distinctive

• Fast to match
– Not too large
– Usually L1 or L2 matching

Detector

SIFT Overview

1. Find Scale-Space Extrema

2. Keypoint Localization & Filtering
– Improve keypoints and throw out bad ones

3. Orientation Assignment
– Remove effects of rotation and scale

4. Create descriptor
– Using histograms of orientations

Descriptor

Orientation Assignment

• Now we have set of good points

• Choose a region around each point
– Remove effects of scale and rotation
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Finding Keypoints – Orientation

• Create histogram of local 
gradient directions 
computed at selected 
scale

• Assign canonical 
orientation at peak of 
smoothed histogram

• Each key specifies stable 
2D coordinates (x, y, scale, 
orientation)

0 2p

Orientation Assignment
• Create gradient histogram (36 bins)

– Weighted by magnitude and Gaussian window (       is 1.5 times 
that of the scale of a keypoint)

s

Orientation Assignment

• Any peak within 80% of the highest peak is 
used to create a keypoint with that 
orientation

• ~15% assigned multiplied orientations, but 
contribute significantly to the stability

• Finally a parabola is fit to the 3 histogram 
values closest to each peak to interpolate 
the peak position for better accuracy 

Detector

SIFT Overview

1. Find Scale-Space Extrema

2. Keypoint Localization & Filtering
– Improve keypoints and throw out bad ones

3. Orientation Assignment
– Remove effects of rotation and scale

4. Create descriptor
– Using histograms of orientations

Descriptor

SIFT Descriptor

• Each point so far has x, y, � , m, �

• Now we need a descriptor for the region
– Could sample intensities around point, but…

• Sensitive to lighting changes
• Sensitive to slight errors in x, y, �

• Look to biological vision
– Neurons respond to gradients at certain 

frequency and orientation
• But location of gradient can shift slightly!

Edelman et al. 1997

SIFT Descriptor
• 4x4 Gradient window
• Histogram of 4x4 samples per window in 8 directions
• Gaussian weighting around center(       is 0.5 times that of the scale of 

a keypoint)
• 4x4x8 = 128 dimensional feature vector

Image from: Jonas Hurrelmann

s



19

Homework II

• Gaussian pyramids: generate different 
scales of the given image

• Detect Harris interest points at each scale
• Find the scale at which there are the most

• Then, find edges and interest points at that 
scale (display edges and IP in different 
colors)

• Refinethe localization of those edges and 
interest points by going to highest 
resolution


