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Lecture Schedule 
Week Date Lecture (W: 3:05p-4:50, 7-222) 

1 26-Jul 
Introduction +  

Representing Position & Orientation & State 

2 2-Aug 
Robot Forward Kinematics 

(Frames, Transformation Matrices & Affine Transformations) 

3 9-Aug Robot Inverse Kinematics & Dynamics (Jacobians) 

4 16-Aug Ekka Day (Robot Kinematics & Kinetics Review) 

5 23-Aug Jacobians & Robot Sensing Overview 

6 30-Aug Robot Sensing: Single View Geometry & Lines 

7 6-Sep Robot Sensing: Basic Feature Detection 

8 13-Sep Robot Sensing: Scalable Feature Detection & Multiple View Geometry 

9 20-Sep Mid-Semester Exam 

  27-Sep Study break 

10 4-Oct Motion Planning 

11 11-Oct Probabilistic Robotics: Localization & SLAM 

12 18-Oct 
Probabilistic Robotics: Planning & Control  

(State-Space/Shaping the Dynamic Response/LQR)  

13 25-Oct The Future of Robotics/Automation + Challenges + Course Review 

 

http://robotics.itee.uq.edu.au/~metr4202/
http://creativecommons.org/licenses/by-nc-sa/3.0/au/deed.en_US
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Follow Along Reading: 

Robotics, Vision & Control  

by Peter Corke  

 

Also online:SpringerLink 

 

UQ Library eBook: 

364220144X   

Č  Multiple  View Geometry ċ 

ÅRVC 

ï§14.1-14.4: Multiple Images 

 

(Next week: MidTerm Exam too!) 

 

 

 ÅPlanning 
ï pp. 91-103 
(Yup!  Thatôs all Peter Corke has to say 
on that ï which explains why there is  
no planning at ACRV J). 

Today 

Reference Material 

UQ Library/  

SpringerLink  UQ Library  

(ePDF) 

http://petercorke.com/Book.html
http://petercorke.com/Book.html
http://petercorke.com/Home/Home.html
http://petercorke.com/Home/Home.html
http://www.springerlink.com/content/978-3-642-20143-1/?MUD=MP#section=945405&page=1
http://library.uq.edu.au/record=b2833159~S7
http://library.uq.edu.au/record=b2833159~S7
http://library.uq.edu.au/record=b2833159~S7
https://library.uq.edu.au/record=b2506028~S7
https://library.uq.edu.au/record=b2506028~S7
https://library.uq.edu.au/record=b2506028~S7
https://library.uq.edu.au/record=b3087948~S7


3 

 

 

Feature Detection 

 

òA Rose By Any Other Name? 
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 7 6 7 4 7 8 3 5 9 5 3 6 3 7 4 4 6 9 3 8 7 9 0 3 6 3 2 6 6 5 6 0 3 4 2 6 8 

 
ð SIFT  
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How to get Matching Points? Features 

Å Colour   

ÅCorners 

ÅEdges 

ÅLines 

ÅStatistics on Edges:  SIFT, SURF, ORBé 
In OpenCV: The following detector types are supported: 

ï     "FAST" ï FastFeatureDetector 

ï     "STAR" ï StarFeatureDetector 

ï     "SIFT" ï SIFT (nonfree module) 

ï     "SURF" ï SURF (nonfree module) 

ï     "ORB" ï ORB 

ï     "BRISK" ï BRISK 

ï     "MSER" ï MSER 

ï     "GFTT" ï GoodFeaturesToTrackDetector 

ï     "HARRIS" ï GoodFeaturesToTrackDetector with Harris detector enabled 

ï     "Dense" ï DenseFeatureDetector 

ï     "SimpleBlob" ï SimpleBlobDetector 

 

Why extract features? 

ÅObject detection  

ÅRobot Navigation  

ÅScene Recognition 

 

 

 

 

 

 

ÅSteps: 

ïExtract Features 

ïMatch Features Adopted drom   S. Lazebnik, Gang Hua (CS 558) 

 

http://www.cs.stevens.edu/~ghua/ghweb/CS558/
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Why extract features? [2] 

ÅPanorama stitchingé 

ĄStep 3: Align images   

Adopted from   S. Lazebnik, Gang Hua (CS 558) 

 

Characteristics of good features 

ÅRepeatability 

ïThe same feature can be found in several images despite 

geometric and photometric transformations  

ÅSaliency 

ïEach feature is distinctive 

ÅCompactness and efficiency 

ïMany fewer features than image pixels 

ÅLocality 

ïA feature occupies a relatively small area of the image; robust to 

clutter and occlusion 

Adopted from   S. Lazebnik, Gang Hua (CS 558) 

 

http://www.cs.stevens.edu/~ghua/ghweb/CS558/
http://www.cs.stevens.edu/~ghua/ghweb/CS558/


6 

Finding Corners 

ÅKey property: in the region around a corner, image 

gradient has two or more dominant directions 

ÅCorners are repeatable and distinctive 

C.Harris and M.Stephens. "A Combined Corner and Edge Detector.ñ Proceedings 
of the 4th Alvey Vision Conference: pages 147ð151, 1988.   

Adopted from   S. Lazebnik, Gang Hua (CS 558) 

 

Corner Detection: Basic Idea 

ÅLook through a window 

ÅShifting a window in any direction should give a large 

change in intensity 

ñedgeò: 

no change along 

the edge direction 

ñcornerò: 

significant change 

in all directions 

ñflatò region: 

no change in 

all directions 

Source: A. Efros 

 

http://www.csse.uwa.edu.au/~pk/research/matlabfns/Spatial/Docs/Harris/A_Combined_Corner_and_Edge_Detector.pdf
http://www.cs.stevens.edu/~ghua/ghweb/CS558/
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Corner Detection: Mathematics 
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Change in appearance of window w(x,y)  

for the shift [u,v]: 

I(x, y) 
E(u, v) 

E(3,2) 

w(x, y) 

Adopted from    

S. Lazebnik,  

Gang Hua (CS 558) 

 

Corner Detection: Mathematics 

 

[ ]
2

,

( , ) ( , ) ( , ) ( , )
x y

E u v w x y I x u y v I x y= + + -ä

I(x, y) 
E(u, v) 

E(0,0) 

w(x, y) 

Change in appearance of window w(x,y)  

for the shift [u,v]: 

Adopted from    

S. Lazebnik,  

Gang Hua (CS 558) 

 

http://www.cs.stevens.edu/~ghua/ghweb/CS558/
http://www.cs.stevens.edu/~ghua/ghweb/CS558/
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Corner Detection: Mathematics 

 

[ ]
2

,

( , ) ( , ) ( , ) ( , )
x y

E u v w x y I x u y v I x y= + + -ä

Intensity  Shifted 
intensity 

Window 
function 

or Window function w(x,y) = 

Gaussian 1 in window, 0 outside 

Source: R. Szeliski 

Change in appearance of window w(x,y)  

for the shift [u,v]: 

Adopted from    

S. Lazebnik,  

Gang Hua (CS 558) 

 

Corner Detection: Mathematics 
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2
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We want to find out how this function behaves for small shifts 

Change in appearance of window w(x,y)  

for the shift [u,v]: 

E(u, v) 

Adopted from    

S. Lazebnik,  

Gang Hua (CS 558) 

 

http://www.cs.stevens.edu/~ghua/ghweb/CS558/
http://www.cs.stevens.edu/~ghua/ghweb/CS558/
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Corner Detection: Mathematics 
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Local quadratic approximation of E(u,v) in the neighborhood of 

(0,0) is given by the second-order Taylor expansion: 

We want to find out how this function behaves for small shifts 

Change in appearance of window w(x,y)  

for the shift [u,v]: 

Adopted from    

S. Lazebnik,  

Gang Hua (CS 558) 

 

Corner Detection: Mathematics 
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Second-order Taylor expansion of E(u,v) about (0,0): 
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Adopted from    

S. Lazebnik,  

Gang Hua (CS 558) 

 

http://www.cs.stevens.edu/~ghua/ghweb/CS558/
http://www.cs.stevens.edu/~ghua/ghweb/CS558/
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Corner Detection: Mathematics 
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Adopted from    

S. Lazebnik,  

Gang Hua (CS 558) 

 

Harris detector: Steps 

ÅCompute Gaussian derivatives at each pixel 

ÅCompute second moment matrix M in a Gaussian window 

around each pixel  

ÅCompute corner response function R 

ÅThreshold R 

ÅFind local maxima of response function (nonmaximum 

suppression) 

C.Harris and M.Stephens. ñA Combined Corner and Edge Detector.ò 
Proceedings of the 4th Alvey Vision Conference: pages 147ð151, 1988.   

Adopted from    

S. Lazebnik,  

Gang Hua (CS 558) 

 

http://www.cs.stevens.edu/~ghua/ghweb/CS558/
http://www.bmva.org/bmvc/1988/avc-88-023.pdf
http://www.bmva.org/bmvc/1988/avc-88-023.pdf
http://www.bmva.org/bmvc/1988/avc-88-023.pdf
http://www.cs.stevens.edu/~ghua/ghweb/CS558/
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Harris Detector: Steps 

Adopted from   S. Lazebnik, Gang Hua (CS 558) 

Harris Detector: Steps 

Compute corner response R 

Adopted from   S. Lazebnik, Gang Hua (CS 558) 

http://www.cs.stevens.edu/~ghua/ghweb/CS558/
http://www.cs.stevens.edu/~ghua/ghweb/CS558/
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Harris Detector: Steps 

Find points with large corner response: R>threshold 

Adopted from   S. Lazebnik, Gang Hua (CS 558) 

Harris Detector: Steps 

Take only the points of local maxima of R 

Adopted from   S. Lazebnik, Gang Hua (CS 558) 

http://www.cs.stevens.edu/~ghua/ghweb/CS558/
http://www.cs.stevens.edu/~ghua/ghweb/CS558/
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Harris Detector: Steps 

Adopted from   S. Lazebnik, Gang Hua (CS 558) 

Invariance and covariance 

ÅWe want corner locations to be invariant to photometric 

transformations and covariant to geometric 

transformations 

ïInvariance: image is transformed and corner locations do not 

change 

ïCovariance: if we have two transformed versions of the same 

image, features should be detected in corresponding locations 

Adopted from   S. Lazebnik, Gang Hua (CS 558) 

 

http://www.cs.stevens.edu/~ghua/ghweb/CS558/
http://www.cs.stevens.edu/~ghua/ghweb/CS558/
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Feature matching 

ÅGiven a feature in I1, how to find the best match in I2? 

1. Define distance function that compares two descriptors 

2. Test all the features in I2, find the one with min distance 

From  Szeliski, Computer Vision: Algorithms and Applications 

 

Feature distance 

ÅHow to define the difference between two features 

f1, f2? 

ï Simple approach is SSD(f1, f2)  

Å sum of square differences between entries of the two descriptors 

Å can give good scores to very ambiguous (bad) matches  

I1 I2 

f1 f2 

From  Szeliski, Computer Vision: Algorithms and Applications 

 

http://szeliski.org/Book/
http://szeliski.org/Book/
http://szeliski.org/Book/
http://szeliski.org/Book/
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Feature distance 

ÅHow to define the difference between two features f1, f2? 

ï Better approach:  ratio distance = SSD(f1, f2) / SSD(f1, f2ô) 

Å f2         is  best SSD match to f1 in I2 

Å f2ô        is  2
nd   best SSD match to f1 in I2 

Å gives small values for ambiguous matches 

I1 I2 

f1 f2 f2
' 

From  Szeliski, Computer Vision: Algorithms and Applications 

 

Evaluating the results 

Å How can we measure the performance of a feature matcher? 

50 

75 

200 

feature distance 

From  Szeliski, Computer Vision: Algorithms and Applications 

 

http://szeliski.org/Book/
http://szeliski.org/Book/
http://szeliski.org/Book/
http://szeliski.org/Book/
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True/false positives 

 

 

 

 

 

 

 

 

 

Å The distance threshold affects performance 

ï True positives = # of detected matches that are correct 

ÅSuppose we want to maximize theseðhow to choose threshold? 

ï False positives = # of detected matches that are incorrect 

ÅSuppose we want to minimize theseðhow to choose threshold? 

50 

75 

200 

feature distance 

false match 

true match 

From  Szeliski, Computer Vision: Algorithms and Applications 

 

Levenberg-Marquardt 

ÅIterative non-linear least squares [Pressô92] 

ïLinearize measurement equations 

 

 

 

 

 

ïSubstitute into log-likelihood equation:   

quadratic cost function in Dm 

From  Szeliski, Computer Vision: Algorithms and Applications 

 

http://szeliski.org/Book/
http://szeliski.org/Book/
http://szeliski.org/Book/
http://szeliski.org/Book/
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Levenberg-Marquardt 

ÅWhat if it doesnôt converge? 

ïMultiply diagonal by (1 + l), increase l until it does 

ïHalve the step size Dm (my favorite) 

ïUse line search 

ïOther ideas? 

ÅUncertainty analysis:  covariance S = A-1 

ÅIs maximum likelihood the best idea? 

ÅHow to start in vicinity of global minimum? 

From  Szeliski, Computer Vision: Algorithms and Applications 

 

 

Example: SIFT 
(Many Others: ORB, MSER, 

CNN/Deep Learning, etc.) 

http://szeliski.org/Book/
http://szeliski.org/Book/
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SIFT: Scale Pyramid 

ÅD images are organised 

into a pyramid of 

progressively blurred 

images. 

ÅSeparated into octaves 

and scale levels per 

octave. 

ÅBetween octaves image 

is decimated by a factor 

of 2. 

Lowe, D. G. (2004). Distinctive image features from scale-invariant 

keypoints. International journal of computer vision, 60(2), 91-110. 

 

SIFT: Scale Pyramid 

Lowe, D. G. (2004). Distinctive image features from scale-invariant 

keypoints. International journal of computer vision, 60(2), 91-110. 

 


