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Lecture 18

Object Recognition

Colour Histogram Matching & Backprojection



Applied Computer Vision 3 Carnegie Mellon University Africa

Approaches to Object Recognition

• Generic Gestalt Principles
– The world is structured, extract features

– perceptual grouping

• Model based
– CAD model of object

– Geometric features

– Locate features and their arrangement

• Appearance based
– Interest points / point features

– or “whole” object

Credit: Markus Vincze, Technische Universität Wien
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Colour Histogram Matching
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...
... ...

... histogram
intersection...

Database of histograms of 
object models

Image with an
unknown object

[Swain and Ballard 91]

Colour Histogram Matching

Credit: Markus Vincze, Technische Universität Wien
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Originally: indexing and image search in large DBs 

Swain and Ballard, Color Indexing, IJCV 1991.

uses opponent-axes similar to Lab color space

Colour Histogram Intersection

Credit: Markus Vincze, Technische Universität Wien

http://www.inf.ed.ac.uk/teaching/courses/av/LECTURE_NOTES/swainballard91.pdf
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Originally: indexing and image search in large DBs 

Swain and Ballard, Color Indexing, IJCV 1991.

uses opponent-axes similar to Lab color space

Colour Histogram Intersection

Three colour axes:

rg = r – g (16 bins)
by  = 2b – r – g (16 bins)
wb = r + g + b (8 bins)

2048 bins in total

Credit: Markus Vincze, Technische Universität Wien

http://www.inf.ed.ac.uk/teaching/courses/av/LECTURE_NOTES/swainballard91.pdf
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(1) Select colour space (RGB, HSI, Lab, …) 

(2) Quantisation of colour space (number of bins)

(3) Calculate the histograms

(4) Calculate the histogram distance function

(5) Identify nearest index

[Sebastian Bertram]

Colour Histogram Matching

Credit: Markus Vincze, Technische Universität Wien
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How many bins (classes)?

feature vectors

Model

Test 1

Test 2

Credit: Markus Vincze, Technische Universität Wien
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Histograms H1 and H2, normalised to [0,1]

Correlation

with

and N the number of classes (bins) in the histogram

Value: 1 is perfect correlation, 0 smallest value

Colour Histogram Matching
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Chi-Square

Value: 0 is perfect hit, values go to infinity

Colour Histogram Matching



Applied Computer Vision 12 Carnegie Mellon University Africa

Intersection [Swain and Ballard1991]

Value: 1 is perfect correlation, 0 smallest value

Colour Histogram Matching
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Bhattacharyya

– Value: 0 is perfect hit, 1 is no agreement

– Important: normalisation!

Colour Histogram Matching
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Comparison of distance measures

1. Skin colour in three illuminations
• Indoors

• Outdoors

• Artificial light

2. Centre: RGB

3. Right: HSV colour model

Colour Histogram Matching

[Prednasky, Bratislava]

Credit: Markus Vincze, Technische Universität Wien
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Comparison for the hand with the upper part of the hand indoors

Perfect agreement:
1.0                        0.0                       1.0                            0.0

Colour Histogram Matching

Credit: Markus Vincze, Technische Universität Wien
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• Efficient, simple, rotation and translation invariant

• Requires segmentation from background or costly search over
entire image

• Different images/objects can have the same colour histogram

• Good if few colours on object

• Bad with texture

• Many parameters: bins, colour model, …

Colour Histogram Matching

Credit: Markus Vincze, Technische Universität Wien
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Colour Histogram Matching

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

Colour Histogram Matching

Credit: Markus Vincze, Technische Universität Wien
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Example retrievals

Colour Histogram Matching

Credit: Markus Vincze, Technische Universität Wien
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Colour Histogram Matching with 
Log-polar Images

Credit: Markus Vincze, Technische Universität Wien
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Backproject a (normalized) colour histogram onto an image

Produces a image indicating where that image best matches the 
colour distribution in the histogram

Colour Histogram Backprojection

Image of faces

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Histogram Backprojection (Swain and Ballard 1991)

Let H(c) be the histogram function that maps 
a colour c (a three-dimensional value) 
to a histogram bin (a three-dimensional value)

Let Dr be a disk of radius r

1 if (x2 + y2) ½ <  r
Dr

x, y = 

0 otherwise

Colour Histogram Backprojection
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Histogram Backprojection (Swain and Ballard 1991)

Define the “loc”  function to return to pixel (x, y) the value of its argument

Let M and I be the multi-dimensional colour histogram of a model and 
search image, respectively

Define a ratio histogram R:  Ri = min( Mi / Ii, 1)

Colour Histogram Backprojection
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For each histogram bin j 
Rj = min( Mj / Ij, 1)

For each x, y    // for all pixels in the image
bx,y = Rh(cx,y) // get the ratio histogram value for that pixel

// and add it to a match image

b = Dr * b           // Convolve match image with disk approximately
//same size as object

(xt, yt) = loc(maxx,y bx,y) // find the coordinates of the maximum

Colour Histogram Backprojection
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Demos

The following code is taken from the colourhistogramMatching project 

in the lectures directory of the ACV repository

See:

colourhistogramMatching.h

colourhistogramMatchingImplementation.cpp

colourhistogramMatchingApplication.cpp
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Demos

The following code is taken from the colourhistogramBackprojection project 

in the lectures directory of the ACV repository

See:

colourhistogramBackprojection.h

colourhistogramBackprojectionImplementation.cpp

colourhistogramBackprojectionApplication.cpp
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Reading

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

M. Swain and D. Ballard. “Color indexing:, International Journal of Computer 
Vision, 7(1):11-32, 1991.

M. J. Swain and D. H. Ballard. ”Indexing via colour histograms”, International 
Conference on Computer Vision, ICCV90, pp. 390-393, 1990.
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