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 Test labelling hypotheses for test images
using the ferns to find the most likely labelling

« Use online learning of hair, skin and background colours for
iIndividual people to improve estimations in video.

 Model head motion using a Hidden Markov Model (HMM)

e Variations in lighting conditions

Most existing classifiers are susceptible to these
variations - we aim to find a solution that can cope
with them.
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The pose of a head at any time provides information relating to the pose The next step is to calculate an improved posterior hypothesis using The colour histograms allow the hypotheses for the current frame

shortly after due to the physical constraints of human head motion. A the priors based on the learnt colour distributions. This time, the to be weighted by comparing the colour distribution of each

Hidden Markov Model allows transitions between poses to be modelled joint distribution is marginalised over all hypotheses to find the segment to each of the colour histograms using the Bhattacharyya
probabilities that the image belongs to each of the eight classes. coefficient. The overall probability that a hypothesis is correct is

The class probabilities that are marginalised over all hypotheses provide
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proportional to the product of the coefficients for each segment:
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A classifier was trained using approximately 1000 images from
still photos and then tested on a number of video sequences:

 Head pose was estimated in a total of 9260 head images

* Video sequences included sixteen actors with different hair

and skin colours, and different lighting conditions

Ground truth angles and head regions were hand labelled

Twelve humans also estimated the head pose in every 100th
frame to provide a performance comparison
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The angular error in each frame was recorded both before and
after the colour priors were introduced and both with and without

HMM filtering.
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There are a number of key points which the research has demonstrated: Ben Benfold bbenfold@robots.ox.ac.uk E:; IEDI -

 Head pose can be accurately measured without making assumptions about hair and skin colours. lan Reid ian@robots.ox.ac.uk t}%w § IS URIVEES

* Pose can be measured in images as small as ten pixels square. o _ ‘;’(‘:p/ ' Human Expressive

» Hair and skin colour histograms can be obtained through online learning without any prior knowledge Bﬁﬁ/aergnite”;fogig%”ee””g Science Y/ / e e Jhction A
of their distributions. OX1 3pr b

* Humans still outperform computer vision based classifiers in low resolution images. Oxford

« Human performance provides a useful means by which datasets can be compared UK This research was funded as part of

. . . . . . . . the EU project HERMES (IST-027110
« Real-time performance is easily achievable with each pose estimated in less than ten milliseconds € EY projec ( )

on a modern desktop computer http://www.robots.ox.ac.uk/ActiveVision/



