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Mobile Robot Kinematics

Review

Fall 2013 ME 598, Lecture 92
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Review:
Representing Robot Position

© R. Siegwart, ETH Zurich - ASL

Fall 2013 ME 598, Lecture 93
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Review:
Wheel Kinematic Constraints

© R. Siegwart, ETH Zurich - ASL

Assumptions:

Fall 2013 ME 598, Lecture 94



©2011 Stevens Institute of TechnologyP. 2/3   |   01/01/11

||

© R. Siegwart, ETH Zurich - ASL

Review:
Wheel Kinematic Constraints‐ Fixed Standard Wheel

Fall 2013 ME 598, Lecture 95
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© R. Siegwart, ETH Zurich - ASL

Review:
Wheel Kinematic Constraints‐ Steered Standard Wheel

Fall 2013 ME 598, Lecture 96
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© R. Siegwart, ETH Zurich - ASL

Review:
Wheel Kinematic Constraints‐ Castor Wheel
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© R. Siegwart, ETH Zurich - ASL

Review:
Wheel Kinematic Constraints‐ Swedish Wheel

Fall 2013 ME 598, Lecture 98
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Review:
Degrees of Freedom, Holonomy

How many DOF can be 
controlled by just changing 

wheel velocities

© R. Siegwart, ETH Zurich - ASL

Fall 2013 ME 598, Lecture 99
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Review: 
Path / Trajectory Considerations

© R. Siegwart, ETH Zurich - ASL

Fall 2013 ME 598, Lecture 910

Omnidirectional Drive Two-Steer Drive
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Review: 
Motion Control‐ Feedback Control

Fall 2013 ME 598, Lecture 911
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Review: 
Motion Control‐ Kinematic Model

inertial

inertial
Δy

© R. Siegwart, ETH Zurich - ASL

α

Fall 2013 ME 598, Lecture 912



©2011 Stevens Institute of TechnologyP. 2/3   |   01/01/11

||

Review: 
Kinematic Model: Coordinate Transformation

• Coordinate transformation into polar coordinates
with its origin at goal position:

• System description, in the new polar coordinates

Δy

for  for  
© R. Siegwart, ETH Zurich - ASL

-
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Review: 
Kinematic Position Control‐ Control Law

© R. Siegwart, ETH Zurich - ASL
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Computer Vision & Image Processing

Fall 2013 ME 598, Lecture 915
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Computer Vision & Image Processing:
Representing Images

• Images:  width x height (pixels)

• In MATLAB: image = matrix
– Height = # rows (y coordinate)
– Width = # columns (x coordinate)
– I(y,x)  pixel value according to image x,y coordinate

(0,0)

(width, height)
(640,480)

Fall 2013 ME 598, Lecture 916
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Computer Vision & Image Processing:
Grayscale Images

• Grayscale images (black and white)
• size(I) = rows x columns = height x width
• Pixel values: 0 (black)  255 (white)

Fall 2013 ME 598, Lecture 917
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Computer Vision & Image Processing:
Color Images

• RGB color model
• Size(I) = rows x columns x 3
• Red, green, and blue layers (RGB)
• Pixel values: 0  255

– (0, 0, 0) is black
– (255, 255, 255) is white
– (255, 0, 0) is red
– (0, 255, 0) is green
– (0, 0, 255) is blue
– (255, 255, 0) is yellow
– (0, 255, 255) is cyan
– (255, 0, 255) is magenta

Fall 2013 ME 598, Lecture 918
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Computer Vision & Image Processing:
Color Images

• HSV color model
• Size(I) = rows x columns x 3
• Hue, Saturation, and Value layers (HSV)
• Colors as points in a cylinder 

– Central axis ranges from black at the bottom to white at the top
with neutral colors between them

– Angle around the axis corresponds to “hue”
– Distance from the axis corresponds to “saturation”
– Distance along the axis corresponds to “value” 

• H: Hue represents color, angle from 0°to 360° (can be 
normalized between 0 and 1)

• S: Saturation indicates the grey in color space, 0 to 100% (or 0 
to 1); 0 = grey, 1 = primary color

• V: Value is brightness of the color and varies with saturation; 
ranges from 0 to 100% (0 = totally black)

Angle Color

0‐60 Red

60‐120 Yellow

120‐180 Green

180‐240 Cyan

240‐300 Blue

300‐360 Magenta

Fall 2013 ME 598, Lecture 919
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Computer Vision & Image Processing: 
Detecting Color in MATLAB

Code from MATLAB File Exchange:
Theodoros Giannakopoulos 
Department of Informatics and 
Telecommunications 
University of Athens, Greece 

http://www.mathworks.com/matlabcentral/fileexchange/18440

Fall 2013 ME 598, Lecture 920
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Computer Vision & Image Processing: 
Detecting Color in MATLAB

• example.m
– Create Training data set of images to determine HSV values that you are 

looking for and place in training directory (‘train’)

Fall 2013 ME 598, Lecture 921
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Computer Vision & Image Processing: 
Detecting Color in MATLAB

• Training data
– Left‐click in color region you want to detect (at least 10 in each image)
– Right‐click once you have finished selecting all points in the image
– Repeat for all images in training directory

Fall 2013 ME 598, Lecture 922
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Computer Vision & Image Processing: 
Detecting Color in MATLAB

• example.m
– Step 2. Use the estimated HSV value for detecting the specified color in a 

particular image

Fall 2013 ME 598, Lecture 923
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Computer Vision & Image Processing: 
Detecting Color

• colorDetectHSV.m
– Inputs:

• image filename 
• hsvValue
• Tolerance

– Calculates HSV values for all 
pixels in image

– Compares with HSV values that 
you’re searching for

– New image initialized as all black 
pixels; If HSV difference < tol, 
turns respective pixel white

– Output:
• Figure with:

– Original image
– Color detected image

Fall 2013 ME 598, Lecture 924
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Color Detection Demo

Fall 2013 ME 598, Lecture 925
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Computer Vision & Image Processing: 
Blob Analysis‐ Opening

Fall 2013 ME 598, Lecture 926
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Computer Vision & Image Processing: 
Blob Analysis‐ Opening

CD = Original BW image CDfiltered = bwareaopen(CD, 200);

Removes connected pixel regions less 
than 200 pixels in size

Fall 2013 ME 598, Lecture 927
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Computer Vision & Image Processing: 
Blob Analysis‐ Filling

Fall 2013 ME 598, Lecture 928
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Computer Vision & Image Processing: 
Blob Analysis‐ Filling

CDfiltered = bwareaopen(CD, 200); CDfilled = imfill(CDfiltered, 'holes');

Fall 2013 ME 598, Lecture 929
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Computer Vision & Image Processing: 
Blob Analysis‐ Labelling

Fall 2013 ME 598, Lecture 930
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Computer Vision & Image Processing: 
Blob Analysis‐Measuring Properties

Fall 2013 ME 598, Lecture 931
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Computer Vision & Image Processing: 
Blob Analysis Example

Fall 2013 ME 598, Lecture 932
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Blob Analysis Demo

Fall 2013 ME 598, Lecture 933
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Computer Vision & Image Processing: 
Edge Detection

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 934
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Computer Vision & Image Processing: 
Edge Detection

Fall 2013 ME 598, Lecture 935
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Computer Vision & Image Processing: 
Edge Detection

Fall 2013 ME 598, Lecture 936
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Computer Vision & Image Processing: 
Edge Detection

 perpendicular!

Fall 2013 ME 598, Lecture 937
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Computer Vision & Image Processing: 
Edge Detection

?

Convolution
A convolution is an integral that expresses 
the amount of overlap of one function g as 
it is shifted over another function f

Fall 2013 ME 598, Lecture 938
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Computer Vision & Image Processing: 
Convolution

• Definition
– Continuous

– Discrete

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 939
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Computer Vision & Image Processing: 
Graphical Explanation of Convolution

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 940
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Computer Vision & Image Processing: 
Convolution By Applying Masks to Images

• Convolution of the image w/ another “signal”
• Masks have origins

– Symmetric masks – origins are the center pixels
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M. Ani Hsieh, Drexel University, SAS Lab

Computer Vision & Image Processing: 
Applying Masks to Images

Fall 2013 ME 598, Lecture 942
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Computer Vision & Image Processing: 
Linear Functions & Filters

• Simplest: linear filters
– Key idea: replace each pixel by a linear combination of its 
neighbors

• The prescription for the linear combination is called 
the convolution kernel

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 943
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Computer Vision & Image Processing: 
Linear Functions Example‐ 1D Linear Filter

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 944
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M. Ani Hsieh, Drexel University, SAS Lab

Computer Vision & Image Processing: 
Linear Functions Example‐ 1D Linear Filter

Fall 2013 ME 598, Lecture 945
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M. Ani Hsieh, Drexel University, SAS Lab

Computer Vision & Image Processing: 
Linear Functions Example‐ 1D Linear Filter

Fall 2013 ME 598, Lecture 946
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Computer Vision & Image Processing: 
Linear Filtering‐ Exercise I

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 947

©2011 Stevens Institute of TechnologyP. 2/3   |   01/01/11

||

Computer Vision & Image Processing: 
Linear Filtering‐ Exercise II

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 948
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Computer Vision & Image Processing: 
Linear Filtering‐ Exercise III

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 949
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Computer Vision & Image Processing: 
Linear Filtering‐ Blur Examples

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 950
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Computer Vision & Image Processing: 
Linear Filtering‐ Exercise IV

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 951
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Computer Vision & Image Processing: 
Linear Filtering‐ Exercise V

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 952



©2011 Stevens Institute of TechnologyP. 2/3   |   01/01/11

||

Computer Vision & Image Processing: 
Linear Filtering‐ Exercise V (Remember Blurring?)

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 953
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Computer Vision & Image Processing: 
Linear Filtering‐ Exercise V

M. Ani Hsieh, Drexel University, SAS Lab
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Computer Vision & Image Processing: 
Linear Filtering‐ Sharpening Examples

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 955
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Computer Vision & Image Processing: 
Linear Filtering‐ Sharpening Example

M. Ani Hsieh, Drexel University, SAS Lab

Fall 2013 ME 598, Lecture 956
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Computer Vision & Image Processing: 
Edge Detection

• Noise 
Effects:

Fall 2013 ME 598, Lecture 957
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Computer Vision & Image Processing: 
Edge Detection• Solution:

Smooth first

Fall 2013 ME 598, Lecture 958
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Computer Vision & Image Processing: 
Edge Detection

Derivative theorem of convolution:

Fall 2013 ME 598, Lecture 959
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Computer Vision & Image Processing: 
2D Edge Detection

2D Edge Detection Filters

2

Fall 2013 ME 598, Lecture 960
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Computer Vision & Image Processing: 
Optimal Edge Detection‐ Canny

Fall 2013 ME 598, Lecture 961
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Computer Vision & Image Processing: 
Edge Detection Example‐ Canny Edge Detector

Original Image Norm of gradient Thresholding

Thinning (non-maxima suppression)

Fall 2013 ME 598, Lecture 962
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Computer Vision & Image Processing: 
Gradient Edge Detectors

Fall 2013 ME 598, Lecture 963
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Computer Vision & Image Processing: 
Edge Detection‐ Nonmaxima Suppression

Nonmaxima Suppression

Fall 2013 ME 598, Lecture 964
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Computer Vision & Image Processing: 
Edge Detection Example‐ Sobel Filter

Fall 2013 ME 598, Lecture 965

©2011 Stevens Institute of TechnologyP. 2/3   |   01/01/11

||

Computer Vision & Image Processing: 
Comparison of Edge Detection Methods

Fall 2013 ME 598, Lecture 966
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Computer Vision & Image Processing: 
Edge Detection‐ Dynamic Thresholding

Dynamic Thresholding for Unstructured Environments

Fall 2013 ME 598, Lecture 967
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Computer Vision & Image Processing: 
Line Detection

Fall 2013 ME 598, Lecture 968
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Computer Vision & Image Processing: 
Hough Transform‐ Straight‐Line Detection

steps

Fall 2013 ME 598, Lecture 969
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Computer Vision & Image Processing: 
Hough Transform‐ Straight‐Line Detection

Fall 2013 ME 598, Lecture 970
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Computer Vision & Image Processing: 
Hough Transform‐ Straight‐Line Detection Example

Fall 2013 ME 598, Lecture 971
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Computer Vision & Image Processing: 
Edge Detection + Line Detection

Fall 2013 ME 598, Lecture 972
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Computer Vision & Image Processing: 
Edge Detection + Line Detection

Fall 2013 ME 598, Lecture 973
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Sensor Based Navigation

Fall 2013 ME 598, Lecture 974
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Sensor Based Navigation:
Vision‐Based Navigation

• Distance sensor
– Distance from object proportional to area of object in 
image 

Fall 2013 ME 598, Lecture 975
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Sensor Based Navigation:
Vision‐Based Navigation

• Track target/landmark
– Rotate robot to keep target in center of image

Fall 2013 ME 598, Lecture 976
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Sensor Based Navigation:
Vision‐Based Navigation

• Obstacle Avoidance
– Distance sensing

• Object close  avoid
• Object far  OK

– Avoidance: opposite of target 
tracking

• Rotate robot so object is not in center 
of image

Fall 2013 ME 598, Lecture 977
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Sensor Based Navigation:
Vision‐Based Navigation Scheme

Drive 

Obstacle Color 
Detection

Image 
Processing

Areas   Centroids

Obstacle? Obstacle 
Close?

Avoid:  Turn CW or CCW

YESNO

YES

NO

Fall 2013 ME 598, Lecture 978
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Sensor Based Navigation:
Vision + Sensor Based Navigation Scheme

Drive 

Obstacle Color 
Detection

Image 
Processing

Areas   Centroids

Obstacle? Obstacle 
Close?

Rotate: CW or CCW

YESNO

YES

NO

Read Cliff 
Sensors

On Road? NO

YES

KR

KD

Fall 2013 ME 598, Lecture 979


