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Fig. 18. Upper row: variations in the head shape appearance with respect to
the levels of evidence of a facial expression (happy). Second row: pairwise
samples of 3D head shapes with neutral / happy facial expression. Bottom
row: division of the samples from the LFW and Cohn-Kanade data sets into
two disjoint groups, according to their facial expression.

Fig. 19 gives the velocity plot corresponding to the th) ! HE’”
misalignments, showing the average magnitude / direction of
vectors representing the typical movements in SOM labels when
expressions change from neutral to happy. It is evident that
movements vary across the maps, with central regions being
more stable than regions near the corners. Overall, movements
converge in the bottom-right corner that represents the most
elongated faces (with the largest deformations in the head shape
due to the happy expression). The rightmost part of Fig. 19
gives two examples of neutral / happy head shapes falling in
the SOM regions where the largest deviations were observed.
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Fig. 19. At left: velocity plot representing the predominant intra-subject
displacements in labels with respect to changes in facial expression from
neutral to happy ( bgh) " bgn)), using 3D head prototypes of exclusively
neutral expression. At right: samples associated to the SOM regions with
the largest movement slopes, i.e., where facial expressions imply the largest
misalignments between the positions of soft labels in the SOM.

In addition, to perceive the decrease in soft labels effective-
ness due to facial expressions, Fig. 20 compares the labels’
stability / discriminability for three distinct configurations:
1) using 3D head shapes and queries exclusively of neutral
expression; 2) using neutral head shapes and unconstrained
queries (i.e., samples with neutral / non-neutral expressions);

and 3) using unconstrained head shapes and queries. Results
are given in terms of the hit / penetration plots and show that
facial expressions consistently decrease the effectiveness of
soft labels. However, such degradation is counter-balanced if
3D shape hypotheses with non-neutral expressions are also
generated, yielding results that are not too far off the baseline
neutral against neutral configuration (at the expense of an
increase in the computational burden of the labelling task by
doubling the number of head shape hypotheses).
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Fig. 20. Decreases in soft labels performance with respect to data of non-
neutral facial expression. Using queries with non-neutral facial expression
decreases the effectiveness of the soft labels, which can be counterbalanced if
3D head shapes with non-neutral expressions are also used (Fac. Exp. # Fac.
Exp. series). Results are given for 15! 15 SOMs.

Finally, the suitability of the proposed method recognizing
facial expressions in multi-pose data was assessed. We doubled
the number of 3D head hypotheses, having generated for each
neutral head shape a corresponding happy expression (second
row in Fig. 18). Joint head shapes / pose hypotheses were
clustered and indexed in the same way as before. Next, for
each SOM cell s.,, the number of neutral / happy 3D head
shape hypotheses associated with it was assumed to give the
class likelihood p(s,,|,) in that region of the feature space,
with , " { ”Neutral”, ”Happy”}. Then, any query assigned to
S¢, was classified in terms of facial expression according to the
Bayesian paradigm, with the posterior probability for a facial
expression given by p(, |S.,) + P(S¢;|,) - P(; )/P(Se,). Under
this formulation, and using equal priors per class, queries are
considered to have neutral / happy expressions according to
the most frequent expression of the 3D head shape hypotheses
associated with that cell.

The left plot in Fig. 21 illustrates the power of cells in a
15 & 15 SOM to discgiminate facial expressions, showing the
|S(")|/| Sgl)| + |S¢(:h)| per cell, |S£Ji)| being the number of 3D
head shapes of neutral (n) / happy (h) expression associated
with a cell. Values around 0.5 denote the non-interesting cases,
i.e., cells with poor discriminating power (the number of neutral
and happy elements is balanced). The right side of this same
figure gives the confusion matrices for the LFW and CK+ sets,
showing the mean and standard deviation performance values
when repeating the recognition tests, using each time 85%
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of the available samples in a bootstrapping-like strategy. The
results are below the state-of-the-art [9] method, mostly due to
the poor discriminating cells with classification performance
only slightly better than random. In our view, results would
be improved if facial models with more facial landmarks
are used, which in poor quality data would be hard to infer
without filtering techniques (e.g., graphical models to obtain

the optimum configuration from a set of candidate landmarks).

Note that filtering landmarks would violate one constraint in
this paper: using exclusively non-filtered landmarks to enable
real-time processing.
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Fig. 21. At left: power of each SOM cell s, to discriminate between neutral
and happy expressions, expressed by the proportion of neutral head centroids
associated to each cell. Red / orange cells represent predominantly neutral
regions of the SOM space, whereas blue cells represent predominantly happy
regions. Green / yellow cells have a balanced number of shapes per expression,
making them particularly weak to discriminate between both classes. At right:
confusion matrices for discriminating neutral / happy expressions in the LFW
and CK+ sets.

VI. CONCLUSION

In this paper, we proposed a method to infer jointly
human head poses and soft biometric labels based on the
3D morphology of the human head (the joint lengths between
particular positions on the head). Using learning data from
anthropometric surveys, a set of typical 3D head shapes (the
labels) was inferred. Next, we described an algorithm to
associate labels to low quality query samples, where subjects
appear partially occluded and in varying poses. Using projective
geometry techniques, we efficiently ranked a set of joint poses
/ head shape hypotheses, and iteratively evaluated the most
likely hypothesis. The idea is to explicitly evaluate only a few
hypotheses before the algorithm convergence, which is the key
for the reduced temporal cost of the whole process.

The experiments were carried out using challenging data sets
and support the usefulness of the soft biometric labels in two
different ways: 1) coupled with a strong biometric classifier
(e.g., a face recognizer), the resulting ensemble offers consistent
improvements in performance over the strong expert alone;
and, more importantly 2) these labels accord the concept of
privacy-preserving recognition. In public environments, there
are ethical / privacy issues behind the covert recognition of
every subject passing-by. If soft labels are used, the system
can confidently ignore the large majority of the identities in a
scene and perform positive recognition only for a small subset
of the subjects (those with soft labels similar to the watch-list
elements).
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