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Lecture 3

Image Acquisition and Representation
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Image Acquisition and Representation

Any visual scene can be represented by a continuous function (in two 
dimensions) of some analogue quantity

– This is typically the reflectance function of the scene: 
the light reflected at each visible point in the scene

– Other functions: depth (i.e. distance from the camera) or disparity 
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Image Acquisition and Representation

Such a representation is referred to as an image:

the value at any point in the image corresponds to the intensity of the reflectance 
function at that point

Digital images represent the reflectance function of a scene but they do so 
in a sampled and quantised form

Each quantized integer value is known as a pixel and is the smallest discrete 
accessible sub-section of a digital image.
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Image Acquisition and Representation

Intensity image (left) and range/depth image extracted from three intensity images [PointGrey]
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Sampling and Quantization
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Sampling and Quantization

The number of grey-levels in the (equally-spaced) grey-scale is called the 
quantisation or grey-scale resolution of the system.

In all cases, the grey-scale is bounded by two grey-levels, black and 
white, corresponding to zero intensity and the maximum measurable 
intensity, respectively
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Sampling and Quantization

rows

columns

Credit: Francesca Odone, University of Genova
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Sampling and Quantization

Credit: Francesca Odone, University of Genova
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Sampling and Quantization

• Let us imagine an image to be 
sampled and quantized is overlaid with 
a regular grid

• This grid is referred to as sampling 
grid

• Each element of the grid will contain a 
portion (region) of the image. The 
whole portion will be approximated by 
a unique (average) value

• A coarse sampling grid produces an 
image with fewer details

Credit: Francesca Odone, University of Genova
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Sampling and Quantization

We can think of spatial sampling as a multiplication of a continuous signal 
with a comb function

Credit: Francesca Odone, University of Genova
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Sampling and Quantization

The sampling frequency needs to be matched to the frequency content of 
the scene ...

Shannon’s Sampling Theorem: 

the minimum sampling frequency required to reconstruct a signal from 
its instantaneous samples must be at least twice the highest frequency

The maximum frequency in the signal is known as the Nyquist Frequency

The reciprocal of the minimum sampling frequency is known as the 
Nyquist Rate

en.wikipedia.org/wiki/Aliasing
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Sampling and Quantization

If you sample at less than the Nyquist rate, the sampled image will be aliased: 

Different signals become indistinguishable (or aliases of one another)

Consider the blue sine wave of frequency f = ¾ and the red of f = 5/4 when 
sampled a frequency f = 2 

Credit: R. Szeliski, Computer Vision: Algorithms and Applications, Springer, 2010.
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Sampling and Quantization

If you sample at less than the Nyquist rate, the sampled image will be aliased: 

Aliasing: the artifact that results when the signal reconstructed from samples 
is different from the original continuous signal i.e. introduction of low spatial 
frequencies that do not exist in the original signal

(in essence, the high frequencies are aliased into visible low-frequencies)

en.wikipedia.org/wiki/Aliasing
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Sampling and Quantization

Aliasing: the artifact that results when the signal reconstructed from samples 
is different from the original continuous signal i.e. introduction of low spatial 
frequencies that do not exist in the original signal

Moiré pattern

en.wikipedia.org/wiki/Aliasing
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Sampling and Quantization

The size of the image is given by the number of pixels composing it

The size is conventionally expressed by the number of rows times the 
number of columns of the image matrix, eg 640 x 480

Credit: Francesca Odone, University of Genova
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Sampling and Quantization

... and the resolution

• An image with a fixed size (in pixels)  can be visualized at different 
sizes (in mm) on a support (paper, monitor, …) 

• The visualization size is controlled by the resolution.

• The resolution depends on the size of the image and the size of the 
support

• It is measured in dots/cm or, more frequently, dots/inches (dpi). 

The resolution describes how dense are the elements on 
the support.

Credit: Francesca Odone, University of Genova
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Sampling and Quantization

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Sampling and Quantization

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Sampling and Quantization

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Sampling and Quantization

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Sampling and Quantization

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Sampling and Quantization

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Sampling and Quantization

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Sampling and Quantization
Image Pyramids
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Images where resolution and field of view changes so that each image contains the same number of pixels

Superimposing the above images [G. Sandini]

Sampling and Quantization
Space-variant sampling
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Sampling and Quantization

Log-polar pixel tessellation [G. Sandini]

Transformation of log-polar 
image into a uniform, 
rectangular pixel tesselation
[G. Sandini]

[IBIDEM retina]

Advantage: similar to characteristics of human eye
Efficient coding, e.g. video conferencing (64 kPixel)

Space-variant sampling: log-polar images (foveated images)



Applied Computer Vision 28 Carnegie Mellon University Africa

Sampling and Quantization
Space-variant sampling: log-polar images (foveated images)

Log-polar transform:

where
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Sampling and Quantization

Dynamic range

Total number of distinctive values occurring in the image 
• it is limited by the number of bit per pixel we may want to use

• it is also limited by the physical dynamic range of the sensor

MINMAX

¢To represent black-white images 1 bit 
is sufficient

¢ Grey level images: usually associate a 
byte to a pixel  28=256 gray levels

¢ Color images: usually 1 byte per 
channel (“millions of color”)

this is related to the quantization process...

Credit: Francesca Odone, University of Genova
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Sampling and Quantization

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Image Representation

Pixel content depends on the image type

• Gray level pictorial digital images (“black and white photos”):  intensity 

• Color pictorial digital images: color (modeled as triplets, eg RGB)

• Range images: depth information

• Medical images: radiation absorbance level

• Thermal images:  heat

Credit: Francesca Odone, University of Genova
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Image Representation

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Colour Spaces

There are many colour representations

RGB Red, Green, Blue

CMY Cyan, Magenta, Yellow

YUV Luminance (Y), Blue minus Luminance (U), Red minus Luminance (V)

YCrCb Scaled version of YUV

CIE XYZ Standard reference colour space based on the response of human eye

CIE L*u*V* Perceptually uniform colour space

CIE L*a*b* Device independent colour space (all colours perceived by humans)

HSV Hue, Saturation, Value

HLS Hue, Luminance, Saturation

HSI Hue, Saturation, Intensity
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Colour Spaces

Achromatic axis
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Colour Spaces

!

Red Green Blue images

Red (~ 700nm)
Green (~ 546nm)
Blue (~ 436nm)

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Colour Spaces

Achromatic axis
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Colour Spaces

Achromatic axis
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Colour Spaces

Achromatic axis
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Colour Spaces
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Colour Spaces

Difference between HIS, HLS, and HSV are all based on different definitions 

of “brightness”

The Generalized Lightness, Hue, and Saturation (GLHS) model defines 

brightness as follows

Where min (c), mid (c), and max (c) return minimum, median, and maximum 

component of a vector c in the RGB space
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Colour Spaces

wmin , wmid , wmax determine the colour space

wmin + wmid + wmax = 1, wmax > 0

HSV wmin = 0, wmid = 0, wmax = 1 

HLS wmin = ½ , wmid = 0, wmax = = ½  

HIS wmin = 1/3, wmid = 1/3, wmax = 1/3
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Colour Spaces
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Colour Spaces

Hue Luminance Saturation

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Colour Spaces

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Demos

The following code is taken from the colourToGreyscale project 

in the lectures directory of the ACV repository

See:

colourToGreyscaleImplementation.cpp
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Demos

The following code is taken from the colourToHIS project 

in the lectures directory of the ACV repository

See:

colourToHISImplementation.cpp
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Demos

The following code is taken from the imageSamplingAndQuantization project 

in the lectures directory of the ACV repository

See:

imageSamplingAndQuantizationApplication.cpp

imageSamplingAndQuantizationImplementation.cpp
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Demos

The following code is taken from the logPolar project 

in the lectures directory of the ACV repository

See:

logPolarImplementation.cpp
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OpenCV
version 2.4

For documentation on OpenCV data structures, functions, and methods, see 

http://docs.opencv.org/2.4/index.html
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Reading

R. Szeliski, Computer Vision: Algorithms and Applications, Springer, 2010.

Section 2.3 The digital camera

Section 2.3.1  Sampling and aliasing

Section 2.3.2  Colour

Hanbury, A. “The Taming of the Hue, Saturation, and Brightness Colour
Space”, Proc. Computer Vision Winter Workshop (CVWW), Austria, 2002.


