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4. Visual Phrases

» Visual words in faces are highly correlated and co-occur together

Pose, extreme lighting, occlusion, scale present serious challenges for  Higher-order information provide positive cues about the presence of faces.
face detection

« We capture such dependencies in visual words from the large exemplar database
Traditional model based methods that generalizes large number of _ _ o _ _
training examples may not perform well with unseen variation « Stable visual words that occur together consistently at similarlocations form a Visual phrase (VP)
Exemplar-based approaches, on the other hand, uses large number of candidate
‘exemplar’ images which vote independently for locating the faces
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We further improve the exemplar approach using two key ideas:

- —_ Discriminative Training: Incorporation into voting framework:
W e propose better weighting scheme for ‘ @B e R * Visual phrases are selected through a discriminative training « Visual phrases are incorporated into the
visual words that suppresses the noisy X ) _ _ _ _ voting framework by finding the location
visual words | ‘ ~ - Phrases that occur at consistent locations and in consistent and discriminative score similarto words

' Images are retained
W e discover higher-order dependencies ' 1+ ot
from the large database and exploit them for , [ Q(n:) = lo ( ),
detection Contextual Weighting of - el : Lim:) = 7] IgRC)
Cont Visual Word Co-occurrences where In our experiments, phrases w(g)==
eatures (Visual Phrases) Ut =max Y Pe(kl(z,y)) « H with Q(n,) > p (0.5) are Vi kem
V\;’f(,fzgi retained

2. Exemplar Face Detection - Overview

Training:

Exemplars | « Large diverse set of Exemplars are
MRSy A collected

« Local features (dense-SIFT) are extracted
and quantized using BoW technique

« TF and IDFs for each exemplar are
calculated and stored.
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We achieve significant improvement over previous exemplar schemes
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The similarity between exemplar e; and test region p is measured by [1, 2],
Comparison with other approaches:
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3. Contextual Weighting of Features
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Positive images Negative images I t t It . . ‘
| , m ) : Current exemplar approaches have two issues: Qualitative results: : s
PR | R S | R o ) ___Failure cases:
) g . X C : * Problem 1: Similarity score is based on idfs which is less-discriminative ?g;f -
\ y for detection tasks S D

| h 5 he similar . » Problem 2: All the visual words in an exemplar are considered equally
Current exemplar schemes [2, 3] compute the similarity score using, Important. This ignores noisy features that needs to down-weighted

F(w(g) = k, L(g)) = idf*(k),

Performance vs.
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We leverage the presence of large database and estimate the
distribution of each visual word over the entire database.

Pu(kl(x,y)) = Niezﬂwu;(g),ea —— ),
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The distribution of each visual word is used to weight their 6 . R ef e r e n C eS

individual occurrences in exemplars.
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