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OVERVIEW MICRO-EXPRESSIONS METHOD EXPERIMENTAL RESULTS
1 We present the first system capable of recog- 1 Facial micreexpressions are very rapid T Algorithm: T Performance was tested for two sepa-
nising spontaneous facial miezgpressions. (1/23n 1/3s) tacial expressions that reveal 1 Detect, normalise and crop face. rate tasks:
T Worktlow ot the proposed approach: I <i0S B RO ate Image sequence. 1 Detection of a micreexpression,
T Potential applications: 3 Extract spatiotemporal local texture descriptors. 2 Classification of a micrexpression into nega-
4 Classify with {SVM, Multiple Kernel Learning, Random Forest} tive/positive.

1 Police: use micr@xpressions to detect deceit.

il Business negotiators: use glimpses of happiness to de- f Temporal interpolation model (TIM):

termine when they have proposed a suitable price. 1| The video is mapped onto a curve along which a new video is

sampled.
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T Contributions of the work:

Subject croswalidation results on the SMIC corpus. MKL denotes
Multiple Kernel Learning; TINdenotes temporal interpolation ta
frames and RF denotes Random Forests.

T Normalisation of faces:

1 The first framework for recognising real spontaneous faci-
al micro-expressions.

i Facial feature points derived from a -
Active Shape Model are mapped on{aass

1 A temporal interpolation method that enables miero L
a model face.

expressions to be classified even with a normal 25fps

frame rate camera. 1 Temporal interpolation improves the

T The first publicly available database of mierpressions. e detection accuracy:
The lower figure shows a temporal cresgction during the 6 . | | | | | | | |
frames long facial micrexpression depicted in the upper figure. \ —— Tz
: The crosssection is positioned at a givercoordinate on the )(P 74T fginal].
1 Experlmental results: upper lip of the subject. SPONTANEOUS MICR&E RESSION _ ~—
- | CORPUS (SMIC) i
11 Promising results that compare favourably with the humahn ST T T e \
micro-expression detection accuracy in literature. T Challenges for detection: 1 Subjects watched 16 emotiealiciting clips. Fol
1 Temporal interpolation method enables similar recognitioh 1 Short duration (limited number of frames available) q Experimental instructions: %61 .
accuracy with 25fps as with 100fps. Solutiontemporal interpolation. 1 Attempt to sUppress your facial expressions. Experimenters 64
2 Involuntariness (how can we record training data?) are trying to guess which film clip you are watching. Twow W w_wo % W w @
Solution:an induced emotion suppression experiment. 2 If your facial expression leaks and the experimenter guesses . . .
Data available at: " EEERBENS Watching correctly, you will be asked to fi Eiiﬁ%?&?‘éfé‘éiﬁ.?i@i“QEé'SPaé); with MKL and TIV 0 20
. In a dull S0equestion survey. frames; the dotted line shows accuracy with MKL only.
http://tomas.pfister.fl 1 100fps; 6 subjects; 77 micexpressions.
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