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Algorithm Summary

Mean-Shift tracking plus Birchfield’s constant-velocity-based
location predictor [1].

As 1n Bradsky’s Camshift method [3], the tracker uses face
probability values based on a color histogram.

Bradsky uses a heuristic (the ratio histogram described 1n [5])
to compute face probability. Instead, I computed probability
in a more principled way. Doing that improved robustness
against drift.



Algorithm Detalls

Inputs:
The start frame

Face-location rectangle

Video Frame

Face Rectangle




Algorithm Detalls

Initialization:

1. Compute an elliptical boundary based on input rectangle
2. Compute the model histogram, M, for the ellipse’s interior

3. Compute a background histogram, B, for a region between
the ellipse and a rectangle that’s slightly larger than the ellipse
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Algorithm Detalls
For each subsequent video frame:
1. Predict face location assuming constant velocity

2. Compute histogram for a search region centered on the
predicted location

3. Create the lookup table for face-pixel probability
4. Assign probability values to each pixel in search region

5. Locate nearest mode in the probability density using
Mean Shift

6. Update the background histogram (to use for the next frame)



Algorithm Detalls

Main Parameters:

Color model (used hue X saturation)
Number of histogram bins per dimension (used 15)
Min and max intensity cutoffs for calculating hue



Computing a Pixel’s Face Probability

Start with Bayes Rule: P(f 1i)= P(il f)P(f)

Pi)
where
i 1s the histogram bin for a pixel, and

f represents face class.



Computing a Pixel’s Face Probability

P(fli):P(ilf)P(f) ( Bayes Rule)

P(i)

Use P(i|f)=Ml., P(f): Ain . and P(l'):IiAint+BiAext
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where,
M. 1s the model histogram,
[ 1s an 1mage-region histogram,
B; 1s the background histogram from the previous frame,
A. and A

int ext

are interior and exterior areas in pixels.



Computing a Pixel’s Face Probability

Repeating: P(fli)= P(i1f)P(S) ( Bayes Rule)

P(i)

Aint P(l) — Ii14int + BiAext

Pl f)=M,, P(f)=

141'nt + Aext Aint T Aext

Then,

P(f | l) _ MiAint (Aint + Aext) _ MiAint
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Computing a Pixel’s Face Probability

P( fli)=( M Ay, ] (Face probability)

Iizqint + BA

To find a pixel’s face probability,
1. Determine its histogram bin, i

2. Look up P(f|i) for bin i



Computational Overhead

Without the constant-velocity prediction, Mean Shift
typically takes 5-6 iterations to converge.

With this prediction, Mean Shift typically converges in
1-2 iterations.

Most of the computation is in updating histograms, so
Using the background histogram is roughly equivalent
to one additional Mean Shift iteration.

Net result: Bayesian tracker is faster than Camshift.



Testing

Overall Camshift Birchfield Bayesian
accuracy

comparisons




Testing

Camshift Birchfield Bayesian

Bayesian tracker’s worst localization in this sequence
was in frame 21.



Testing

Camshift Birchfield Bayesian
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Test Results

Stress test: a moving camera, moving subject, and lighting
changes. Localization slips then recovers in two places (red).




Conclusions

Bayesian Tracking method is fast.

BT was more robust than either Camshift or
Birchfield’s elliptical head tracker during testing.

Tracking errors consist of small drifts that correct
themselves.
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