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Abstract

This paper present experiments using an radial basis function variant of the

time-delay neural network with image sequences of human faces. The network

is shown to be able to learn simple behaviours based on y-axis head rotation and

generalise on different data. The network model’s suitability for future dynamic

vision applications is discussed.
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1 Introduction

Recognising simple behaviours is an important capability for many computer vision

applications, e.g. visual surveillance (Gong & Buxton 1995) or biomedical sequence

understanding (Psarrou & Buxton 1993). The behaviour in the experiments reported

in this paper is simply head rotation to the left or right. However, the work raises

important issues for connectionist techniques: 1) time, 2) representation, and 3) learning



by Girosi (1992) where handling sparse, high-dimensional dat
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Window Samples Train/Test Initial % % Discarded % after Discard

5 2550 20/20 100 5 100

4 2040 40/40 95 5 100

3 1530 60/60 100 8 100

2 1020 80/80 90 8 92

Table 1: Static/LR or Static/RL Sequences from Alternate Frames (2 Classes).

Window Samples Train/Test Initial % % Discarded % after Discard

5 2550 30/30 100 7 100

4 2040 60/60 97 8 100

3 1530 90/90 93 8 100

2 1020 120/120 83 25 96

Table 2: Static/LR/RL Sequences from Alternate Frames (3 Classes).

from frames 1, 3, 5, 7 and 9, ie using 20� intervals. Two classes are trained for:

left to right movement and static. Static sequences are simulated by repeating the

middle frame of the time window.

Static/RL This is similar to LR, except that the rotation is in the other direction, so

that it trains with frames 8, 6, 4, 2 and 0, and tests on 9, 7, 5, 3 and 1.

Static/LR/RL This is similar to LR and RL, but trains for three classes: left to right

movement, right to left movement andnan02(n)-0 Td
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Window Samples Train/Test Initial % % Discarded % after Discard

10 4410 10/10 90 40 100

8 3528 30/30 100 30 100

6 2646 50/50 98 22 100

4 1764 70/70 91 29 98

2 882 90/90 81 40 89

Table 3: Static/LR or Static/RL Sequences from Alternate People (2 Classes).

Window Samples Train/Test Initial % % Discarded % after Discard

10 4410 15/15 87 20 100

8 3528 45/45 89 13 100

6 2646 75/75 83 21 100

4 1764 105/105 77 37 100

2 882 135/135 63 56 93

Table 4: Static/LR/RL Sequences from Alternate People (3 Classes).

Figure 4: The test image sequence. Note the variation in head position and gaze

direction.
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Window Samples Training/Test Integration Layer

1 3 5 7 9

6 3060 75/57 54 53 53 53 54

5 2550 90/58 62 62 67 64 69

4 2040 105/59 64 61 76 83 75

3 1530 120/60 63 60 73 80 78

2 1020 135/61 56 56 52 57 48

Table 5: Static/LR/RL Sequences From Alternate People (Tested o



6 Conclusion

The main points here are 1) the simple, deterministic ‘training’ of the TDRBF networks

means that they are highly suited to on-line learning, 2) the shift invariance and ability

to recognise features in time means they are capable of recognising simple behaviours,

and 3) high levels of performance on the generalisation to new datasets that behave in

similar ways means they are very useful for such practical dynamic vision tasks. The

limitations of this technique are 1) the problem of the time-base which was not fully

overcome even with the addition of an integration layer, and 2) the problem of defining

the simple behaviours. The TDRBF networks are capable of distinguishing a ‘quick

turn’ from a ‘slow turn’ as well as distinguishing whether the turn was to the right or

the left, but it seems that more qualitative definitions of behaviour would best be tackled

using more general recurrent networks. This issue is discussed further by Mozer (1993)

and by Psarrou & Buxton (1994). In addition, Cleeremans (1989) shows that partially

recurrent networks together with a qualitative input representation can be sucessfully

used even for the demanding task of predicting state to state transitions in finite state

automata. It is clear, however, that the TDRBF networks are able to perform extremely

well where there is a straightforward quantitative relationship between the data and the

simple behaviour pattern to be learnt.
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