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AUTOMATIC DETECTION AND INTENSITY ESTIMATION OF
SPONTANEOUS SMILES

Jeffrey M. Girard, M.S.

University of Pittsburgh, 2013

Both the occurrence and intensity of facial expression are critical to what the face reveals.
While much progress has been made towards the automatic detection of expression occur-
rence, controversy exists about how best to estimate expression intensity. Broadly, one
approach is to adapt classifiers trained on binary ground truth to estimate expression inten-
sity. An alternative approach is to explicitly train classifiers for the estimation of expression
intensity. We investigated this issue by comparing multiple methods for binary smile de-
tection and smile intensity estimation using two large databases of spontaneous expressions.
SIFT and Gabor were used for feature extraction; Laplacian Eigenmap and PCA were used
for dimensionality reduction; and binary SVM margins, multiclass SVMs, and e-SVR mod-
els were used for prediction. Both multiclass SVMs and e-SVR classifiers explicitly trained
on intensity ground truth outperformed binary SVM margins for smile intensity estimation.
A surprising finding was that multiclass SVMs also outperformed binary SVM margins on
binary smile detection. This suggests that training on intensity ground truth is worthwhile

even for binary expression detection.
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1.0 INTRODUCTION

The face is an important avenue of communication capable of regulating social interaction
and providing the careful observer with a wealth of information. Facial expression analysis
has informed psychological studies of emotion [15, 22, 84], intention [30, 52], physical pain
[56, 70], and psychopathology [12, 33], among other topics. It is also central to computer
science research on human-computer interaction [14, 69] and computer animation [68].

There are two general approaches to classifying facial expression. Message-based ap-
proaches seek to identify the meaning of each expression; this often takes the form of classi-
fying expressions into one of six basic emotions: anger, disgust, fear, happiness, sadness, or
surprise [45]. However, this involves a great deal of interpretation and fails to account for
the fact that facial expressions serve a communicative function [30], can be controlled or dis-
sembled [20], and often depend on context for interpretation [3]. Sign-based approaches, on
the other hand, describe changes in the face during an expression rather than attempting to
capture its meaning. By separating description from interpretation, sign-based approaches
achieve more objectivity and comprehensiveness.

The most commonly used sign-based approach for describing facial expression is the Fa-
cial Action Coding System (FACS) [24], which decomposes facial expressions into component
parts called action units. Action units (AU) are anatomically-based and correspond to the
contraction of specific facial muscles. AU may occur alone or in combination with others to
form complex facial expressions. They may also vary in intensity (i.e., magnitude of muscle
contraction). The FACS manual provides coders with detailed descriptions of the shape and
appearance changes necessary to identify each AU and its intensity.

Much research using FACS has focused on the occurrence and AU composition of differ-

ent expressions [21]. For example, smiles including the orbicularis oculi muscle (i.e., AU6)



are more likely to occur during pleasant circumstances [23, 28] and smiles including the
buccinator muscle (i.e., AU14) are more likely to occur during active depression [71, 33].
However, a promising subset of research has begun to focus on what can be learned about
and from the intensity of expressions. This work has shown that expression intensity is linked
to both the intensity of emotional experience and the sociality of the context [22, 29, 38]. For
example, Hess et al. [38] found that participants were the most expressive when experiencing
strong emotions in the company of friends. Other studies have used the intensity of facial
expressions (e.g., in yearbook photos) to predict a number of social and health outcomes
years later. For example, smile intensity in a posed photograph has been linked to later life

satisfaction, marital status (i.e., likelihood of divorce), and even years lived [1, 36, 37, 67, 74].

It is likely that research has only begun to scratch the surface of what might be learned
from expressions’ intensities. Intensity estimation is also critical to the modeling of an ex-
pression’s temporal dynamics (i.e., changes in intensity over time). Temporal dynamics is a
relatively new area of study, but has already been linked to expression interpretation, person
perception, and psychopathology. For example, the speed with which a smile onsets and
offsets has been linked to interpretations of the expression’s meaning and authenticity, as
well as to ratings of the smiling person’s attractiveness and personality [54]. Expression dy-
namics have also been used to explore the nonverbal behavior of individuals with depression,

schizophrenia, and obsessive-compulsive disorder [63, 64, 49].

However, the manual coding of AU occurrence is already highly time-consuming without
coding for frame-level intensity. Manually coding one minute of video for AU onsets and
offsets can take anywhere between one and five hours. To make this kind of coding more
manageable, there has been a great deal of research interest in the automatic detection of
facial expressions [e.g., 25, 84]. However, the vast majority of this work has focused on the
binary detection of expressions (i.e., predicting their presence or absence). Fewer studies

have tested different methods for the automatic estimation of facial expression intensity.

In an early and influential work on this topic, Bartlett et al. [4] applied standard binary
expression detection techniques to estimate expressions’ peak intensity. This and subsequent
work [5, 6] encouraged the use of the margins and posterior probabilities of binary-trained

classifiers as proxies for expression intensity. The assumption underlying this practice is



that the classifier’s margin will be positively correlated with the expression’s intensity, i.e.,
the classifier will be more confident about more intense expressions. Yang et al. [83] and
others have challenged this assumption, arguing that there is no logical necessity for such
a correlation and that factors other than an expression’s intensity (e.g., similarity to the
training set, concurrent facial movements, and image artifacts) are likely to influence a clas-
sifier’s confidence. However, relatively few studies have investigated this question empirically.
Are binary expression detection and expression intensity estimation fundamentally different
problems that require different solutions, as Yang et al. [83] assert, or can the same methods

and even the same classifiers be used for both, as Bartlett et al. [4] have suggested?

1.1 PREVIOUS WORK

Since Bartlett et al. [4], many studies have used classifier margins and posterior probabilities
to estimate expression intensity [5, 6, 55, 72, 53, 81, 83, 73, 75, 76]. However, only a few
of them have quantitatively evaluated their performance by comparing their estimations to
manual (i.e., “ground truth”) coding. Several studies [6, 81, 73| found that classifier margin
and expression intensity were positively correlated during posed expressions. However, such
correlations have typically been lower during spontaneous expressions. In a highly relevant
study, Whitehill et al. [81] focused on the estimation of spontaneous smile intensity and
found a high correlation between classifier margin and smile intensity. However, this was in
five short video clips and it is unclear how the ground truth intensity coding was obtained.

Recent studies have also used methods other than classifier margins for intensity esti-
mation, such as regression [50, 73, 18, 51, 47] and multiclass classifiers [60, 66, 62]. These
studies have found that the predictions of support vector regression models and multiclass
classifiers were typically highly correlated with expression intensity during both posed and
spontaneous expressions. Finally, several studies [11, 17, 65] used extracted features to es-
timate expression intensity directly. For example, Messinger et al. [65] found that mouth
radius was highly correlated with spontaneous smile intensity in five video clips.

Very few studies have compared different estimation methods using the same data and



performance evaluation methods. Savran et al. [73] found that support vector regression
outperformed the margins of binary support vector machine classifiers on the intensity es-
timation of posed expressions. Ka Keung and Yangsheng [50] found that support vector
regression outperformed cascading neural networks on the intensity estimation of posed ex-
pressions, and Dhall and Goecke [18] found that Gaussian process regression outperformed
both kernel partial least squares and support vector regression on the intensity estimation of
posed expressions. Yang et al. [83] also compared classifier margins with an intensity-trained
model, but used their outputs to rank images by intensity rather than to estimate it.

Much of the previous work has been limited in three ways. First, many studies [17, 18,
50, 83] adopted a message-based approach, which is problematic for the reasons described
earlier. Second, the majority of this work [17, 18, 50, 73, 83| focused on posed expressions,
which limits the external validity and generalizability of their findings. Third, most of
these studies were limited in terms of the ground truth they compared their estimations to.
Some studies [4, 5, 6] only coded expressions’ peak intensities, while others [60, 65, 66, 81]
obtained frame-level ground truth, but only for a handful of subjects. Without a large
amount of expert-coded, frame-level ground truth, it is impossible to truly gauge the success

of an automatic intensity estimation system.

1.2 THE CURRENT STUDY

The main contribution of the current study was to test the hypothesis that binary expres-
sion detection and expression intensity estimation are fundamentally different problems that
require different solutions. We explored this hypothesis by comparing different techniques
using the same data and performance evaluation methods. We also improve upon previous
work by using a sign-based approach, two large datasets of spontaneous expressions, and
expert-coded, frame-level ground truth.

Techniques for feature extraction, dimensionality reduction, and classification /regression
were systematically varied, enabling us to see whether the methods that were best for binary

detection were also best for intensity estimation. Based on the findings of previous studies,



we hypothesized that methods trained on intensity ground truth would outperform methods
trained on binary ground truth. We also tested whether binary-trained models could be ap-
plied to estimate expression intensity and whether intensity-trained models could be applied
to detect expression occurrence. Smiles were chosen for this in-depth analysis because they
are the most commonly occurring facial expression [7], are implicated in affective displays
and social signaling [39, 40], and appear in much of the previous work on both automatic

intensity estimation and the psychological exploration of facial expression intensity.



2.0 METHODS

2.1 PARTICIPANTS AND DATA

In order to increase the sample size and explore the generalizability of the findings, data
was drawn from two separate datasets. Both datasets recorded and FACS coded participant
facial behavior during a non-scripted, spontaneous dyadic interaction. They differ in terms
of the context of the interaction, the demographic makeup of the sample, and the constraints
placed upon data collection (e.g., illumination, frontality, and head motion). Because of how

its segments were selected, the BP4D database also had more frequent and intense smiles.

2.1.1 BP4D Database

FACS coded video was available for 30 adults (50% female, 50% white, mean age 20.7 years)
from the Binghamton-Pittsburgh 4D (BP4D) Database [85]. Participants were filmed with
both a 3D dynamic face capturing system and a 2D frontal camera (520x720 pixel resolution)
while engaging in eight tasks designed to elicit emotions such as anxiety, surprise, happiness,
embarrassment, fear, pain, anger, and disgust. Facial behavior from the 20-second segment
with the highest AU density (i.e., frequency and intensity) from each task was coded from
the 2D video. The BP4D database will be publicly available in the summer of 2013.

2.1.2 Spectrum Database

FACS coded video was available for 33 adults (67.6% female, 88.2% white, mean age 41.6
years) from the Spectrum database [12]. The participants suffered from major depressive

disorder [2] and were recorded during clinical interviews to assess symptom severity over
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Figure 1: Flowchart of Automatic Expression Annotation Methods

the course of treatment [34]. A total of 69 interviews were recorded using four hardware-
synchronized analogue cameras. Video from a camera roughly 15 degrees to the participant’s
right was digitized into 640x480 pixel arrays for analysis. Facial behavior during the first
three interview questions (about depressed mood, feelings of guilt, and suicidal ideation) was
coded; these segments ranged in length from 28 to 242 seconds (M = 100 seconds). The

Spectrum database is not publicly available.

2.2 MANUAL EXPRESSION ANNOTATION

2.2.1 AU Occurrence

For the BP4D database, participant facial behavior was manually FACS coded from video
by certified coders. Event onset and offset were coded for 34 commonly occurring AU.
Inter-observer reliability for AU12 occurrence was F;=0.96. For the Spectrum database,

participant facial behavior was manually FACS coded from video by certified coders. Event
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Figure 2: Smile (i.e., AU12) intensity levels defined by the FACS manual [19].

onset, offset, and apex were coded for 17 commonly occurring AU. Inter-observer reliability
for AU12 occurrence was F1=0.71. For both datasets, onsets and offsets were converted to

frame-level codes with 0 and 1 representing the absence and presence of AU12, respectively.

2.2.2 AU Intensity

The manual FACS coding procedures described in subsection 2.2.1 were used to identify the
onsets and offsets of AU12 events. Separate video clips of each event were generated and
coded for intensity by certified coders using continuous measurement software [32]. This
coding involved assigning each video frame an integer value between 0 and 5, with 0 repre-
senting the absence of AU12 and 1 through 5 representing trace through maximum intensity
(Figure 2) as defined by the FACS manual [24]. Ten percent of clips were independently
coded by a second certified FACS coder to establish reliability, which was ICC=0.92.



2.3 AUTOMATIC EXPRESSION ANNOTATION

2.3.1 Tracking

Facial landmark points indicate the location of important facial components (e.g., eye cor-
ners, nose tip, lip corners). For the BP4D database, sixty-four facial landmarks (Figure 3)
were tracked in each video frame using the LiveDriver SDK from Image Metrics [44]. Over-
all, 4% of video frames were untrackable, mostly due to occlusion or extreme out-of-plane
rotation. A global normalizing (i.e., similarity) transformation was applied to the data for
each video frame to remove variation due to rigid head motion. Finally, each image was
cropped to the area surrounding the detected face and scaled to 128x128 pixels.

For the Spectrum database, sixty-six facial landmarks (Figure 3) were tracked using
active appearance models (AAM) [13]. AAM is a powerful approach that combines the
shape and texture variation of an image into a single statistical model. Approximately 3%
of video frames were manually annotated for each subject and then used to build the AAMs.
The frames then were automatically aligned using a gradient-descent AAM fitting algorithm
[61]. Overall, 9% of frames were untrackable, again mostly due to occlusion and rotation.
The same normalization procedures used on the LiveDriver landmarks were also used on the
AAM landmarks. Additionally, because AAM includes landmark points along the jawline,

we were able to remove non-face information from the images using a convex hull algorithm.

2.3.2 Extraction

Two types of appearance features were extracted from the tracked and normalized faces.
Following previous work on expression detection [10] and intensity estimation [4, 73], Gabor
wavelets [16, 27] were extracted in localized regions surrounding each facial landmark point
(left Figure 4). Gabor wavelets are biologically-inspired filters, operating in a similar fashion
to simple receptive fields in mammalian visual systems [48]. They have been found to be
robust to misalignment and changes in illumination [57]. By applying a filter bank of eight
equally-spaced orientations and five scales (i.e., 17, 23, 33, 46, 65 pixels) at each localized

region, specific changes in facial texture and orientation (which map onto facial wrinkles,



Figure 3: Visualization of Tracking Procedures. Left: LiveDriver landmarks in BP4D [85].
Right: AAM landmarks in Spectrum [12].

folds, and bulges) were quantified. Scale-invariant feature transforms (SIFT) [59, 80] were
also extracted in localized regions surrounding each facial landmark point (Figure 4). As
its name implies, SIFT is invariant to image scaling, translation, and rotation, and partially
invariant to illumination changes and affine or 3D projection. By applying a geometric
descriptor (scale=3, orientation=0) to each facial landmark, changes in facial texture and

orientation were quantified.

2.3.3 Reduction

Both types of features exhibited high dimensionality, which makes classification a difficult
and resource-intensive problem. Two approaches for dimensionality reduction were com-
pared on their ability to yield discriminant features for classification. Principal Components
Analysis (PCA) [82] is a linear technique used to project a feature vector from a high dimen-
sional space into a low dimensional space. Unsupervised PCA was used to find the smallest
number of dimensions that accounted for 95% of the variance in a randomly selected sample
of 100,000 frames. This technique reduced the Gabor features from 2640 dimensions per
video frame to 162, and reduced the SIFT features from 8448 dimensions per video frame

to 362. Laplacian Eigenmap [8] is a nonlinear technique used to learn the low dimensional
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Figure 4: Visualization of Extraction Procedures. Left: Eight orientations of Gabor wavelets.

Right: Geometric indexing of the SIFT descriptor.

manifold that the original (i.e., high dimensional) feature data lies upon. Following recent
work by Mahoor et al. [60], supervised Laplacian Eigenmaps were trained on a randomly
selected sample of 2500 frames and used in conjunction with spectral regression [9]. The
Gabor and SIFT features were each reduced to 30 dimensions per video frame using this
technique. These choices for sample and feature size were informed by previous work and

motivated by the computational limitations imposed by each method.

2.3.4 Cross-validation

To prevent model over-fitting, stratified k-fold cross-validation [31] was used. Cross-validation
procedures typically involve partitioning the data and iterating through the partitions such
that all the data is used but no classifier iteration is trained and tested on the same data.
Stratified cross-validation procedures ensure that the resultant partitions have roughly equal
distributions of the target class (in this case AU12). This property is desirable because many
performance metrics are highly sensitive to class skew [46] (e.g., F; cannot be calculated if
the target class never occurs). By using the same partitions across methods, the random-
ness introduced by repeated repartitioning can also be avoided. In this study, each video
segment was assigned to one of five partitions (called “folds”). For each iteration of the cross-
validation procedure, three folds were used for training, one fold was used for validation (i.e,

parameter optimization), and one fold was used for testing.
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2.3.5 Prediction

Following previous work on binary expression detection [25, 81], support vector machines
(SVM) [79] were used for binary classification. SVM classifiers apply the “kernel trick,” which
uses dot product, to keep computational loads reasonable. The kernel function (in this case,
a radial basis function) enables the SVM to fit a hyperplane of maximum margin into the
transformed high dimensional feature space. SVMs were trained using two classes corre-
sponding to the FACS occurrence codes described in subsection 2.2.1 (i.e., 0 or 1). Training
sets were created by randomly sampling 10,000 frames with roughly equal representation
for each class. The choice of sample size was motivated by the computational limitations
imposed by model training during cross-validation. Classifier and kernel parameters (i.e.,
C' and , respectively) were optimized using a “grid-search” procedure [42] on a separate
validation set. The output values of the SVM models were fractions corresponding to the
distance of each frame’s high dimensional feature point from the class-separating hyperplane.
These values were used for smile intensity estimation and also discretized using the standard
SVM threshold of zero to provide predictions for binary smile detection (i.e., negative values

were labeled absence of AU12 and positive values were labeled presence of AU12).

Following previous work on expression intensity estimation using multiclass classifiers
(66, 60, 62], the SVM framework was extended for multiclass classification using the “one-
against-one” technique [41]. In this technique, if £ is the number of classes, then k(k —1)/2
subclassifiers are constructed and each one trains data from two classes; classification is
then resolved using a subclassifier voting strategy. Multiclass SVMs were trained using six
classes corresponding to the FACS intensity codes described in subsection 2.2.2. Training
sets were created by randomly sampling 10,000 frames with roughly equal representation
for each class. Classifier and kernel parameters (i.e., C' and =, respectively) were optimized
using a “grid-search” procedure [42] on a separate validation set. The output values of the
multiclass classifiers were integers corresponding to each frame’s estimated smile intensity
level. These values were used for smile intensity estimation and also discretized to provide
predictions for binary smile detection (i.e., values of 0 were labeled absence of AU12 and

values of 1 through 5 were labeled presence of AU12).
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Following previous work on expression intensity estimation using regression [47, 51, 73,
18, 50], epsilon support vector regression (e-SVR) [79] was used. As others have noted
(73], e-SVR is appropriate to expression intensity estimation because its e-insensitive loss
function is robust and generates a smooth mapping. e-SVRs were trained using six classes
corresponding to the FACS intensity codes described in Section 2.2.2. Training sets were
created by randomly sampling 10,000 frames with roughly equal representation for each
class. Classifier and kernel parameters (i.e., C' and =, respectively) were optimized using a
“grid-search” procedure [42]; the epsilon parameter was left at the default value (e=0.1).
The output values of the regression models were fractions corresponding to each frame’s
estimated smile intensity level. This output was was used for smile intensity estimation and
also discretized using a threshold of 0.5 to provide predictions for binary smile detection (i.e.,
values that would round to 0 were labeled absence of AU12 and values that would round to

1 or above were labeled presence of AU12).

2.4 PERFORMANCE EVALUATION

The majority of previous work on expression intensity estimation has utilized the Pearson
product-moment correlation coefficient (PCC) to measure the correlation between intensity
estimations and ground truth coding. PCC is invariant to linear transformations, which is
useful when using estimations that differ in scale and location from the ground truth coding
(e.g., classifier margins). However, this same property is problematic when the estimations
are similar to the ground truth (e.g., multiclass classifier predictions), as it introduces an
undesired handicap. For instance, a classifier that always estimates an expression to be two
intensity levels stronger than it is will have the same PCC as a classifier that always esti-
mates the expression’s intensity level correctly. For this reason, we performed our analyses
using another performance metric that grants more control over its relation to linear trans-
formations: the intraclass correlation coefficient (ICC) [77]. The ICC formula provided in
Equation 2.1 (using Between-Target and Within-Target Mean Squares) was used for the mul-
ticlass SVM and e-SVR classifiers as their outputs were consistent with that of ground truth

13



coding. The ICC formula provided in Equation 2.2 (using Between-Target Mean Squares
and Residual Sum of Squares) was used for the SVM margin classifier because it takes into
account differences in the scale and location of the two measures.

The majority of previous work on binary expression detection has utilized receiver op-
erating characteristic curves. When certain assumptions are met, the area under the curve
(AUC) is equal to the probability that the classifier will rank a randomly chosen positive
instance higher than a randomly chosen negative instance [26]. The fact that AUC captures
information about the entire distribution of decision points is a benefit of the measure, as it
removes the subjectivity of threshold selection. However, in the case of automatic expression
annotation, a threshold must be chosen in order to create predictions that can be compared
with ground truth coding. In light of this issue (and recent critiques of the AUC measure
[35, 58]), we perform our analyses using a threshold-specific performance metric: the Fy
score, which is the harmonic mean of precision and recall (Equation 2.3) [78].

BMS —WMS

1CC) = s+ (k—1)WMS (2.1)

BMS — EMS
feee,1) = BMS + (k—1)EMS (22)

F=2x preczisz"on X recall (2.3)
precision + recall

2.5 DATA ANALYSIS

Main effects and interaction effects among the different methods were analyzed using two
univariate general linear models [43] (one for binary smile detection and one for smile in-
tensity estimation). F; and ICC were entered as the sole dependent variable in each model,
and database, extraction type, reduction type, and classification type were entered as “fixed
factor” independent variables. The direction of significant differences were explored using
marginal means for all variables except for classification type. In this case, post-hoc Tukey

HSD tests [43] were used to explore differences between the three types of classification.
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3.0 RESULTS

3.1 SMILE INTENSITY ESTIMATION

Across all methods and databases, the average intensity estimation performance was ICC=0.64.

However, performance varied widely between databases and methods, from a low of ICC=0.23

to a high of ICC=0.92 (Figure 5).

The overall general linear model for smile intensity estimation was significant (Table 1).
The included independent variables accounted for 76.5% of the variance in intensity estima-
tion performance. Main effects of database, extraction method, and classification method
were apparent. Intensity estimation performance was significantly higher for the BP4D
database than for the Spectrum database, and intensity estimation performance using SIFT
features was significantly higher than that using Gabor features. Intensity estimation per-
formance using Multiclass SVM and e-SVR classification was significantly higher than that
using SVM margin classification. There was no significant difference in performance between

Laplacian Eigenmap and PCA for reduction.

These main effects were qualified by four significant interaction effects. First, the differ-
ence between SIFT features and Gabor features was greater in the Spectrum database than
in the BP4D database. Second, while Laplacian Eigenmap performed better in the Spec-
trum database, PCA performed better in the BP4D database. Third, while Multiclass SVM
performed better in the Spectrum database, e-SVR performed better in the BP4D database.
Fourth, PCA reduction yielded higher intensity estimation performance when combined with
SVM margin classification, but lower intensity estimation performance when combined with

Multiclass SVM and e-SVR classification.
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Table 1: General Linear Model results for Smile Intensity Estimation (ICC)

Spectrum BP4D F p
Database 0.521 0.765 158.206 .00
Gabor SIFT F p
Extraction 0.602 0.684 17.892 .00
Laplacian PCA F p
Reduction 0.639 0.648 0.197 .66
SVM Margin Multi SVM  e-SVR F p
Classification 0.4672 0.739P 0.724P 83.360 .00
Interaction Effects F P
Databasex Extraction 4.627 .03
Database xReduction 3.958 .05
Databasex Classification 8.873 .00
Reduction x Classification 13.391 .00

Note: Numbers with dissimilar superscripts are significantly different by Tukey HSD.

17



Table 2: General Linear Model Results for Binary Smile Detection (F;)

Spectrum BP4D F p
Database 0.504 0.772 440.209 .00
Gabor SIFT F p
Extraction 0.618 0.658 9.740 .00
Laplacian PCA F p
Reduction 0.642 0.633 0.501 48
SVM Margin  Multi SVM  e-SVR F p
Classification 0.616* 0.661P 0.636 4.175 .02
Interaction Effects F p
Reduction x Classification 5.753 .00

Note: Numbers with dissimilar superscripts are significantly different by Tukey HSD.
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3.2 BINARY SMILE DETECTION

Across all methods and databases, the average binary detection performance was F;=0.64.
However, performance varied between databases and methods, from a low of F1=0.50 to a
high of F1=0.81 (Figure 6).

The overall general linear model for binary smile detection was significant. The in-
cluded independent variables accounted for 79.6% of the variance in detection performance
(Table 2). Main effects of database, extraction method, and classification method were ap-
parent. Detection performance on the BP4D database was significantly higher than that
on the Spectrum database, and detection performance using SIFT features was significantly
higher than that using Gabor features. Detection performance using Multiclass SVM was
significantly higher than that using SVM margin classification.

These main effects were qualified by a significant interaction effect between reduction
method and classification method. PCA reduction yielded higher detection performance
when combined with SVM margin classification, but lower detection performance when com-

bined with Multiclass SVM or e-SVR classification.
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4.0 DISCUSSION

4.1 SMILE INTENSITY ESTIMATION

Intensity estimation performance varied between databases, feature extraction methods, and
classification methods. Performance was higher in the BP4D database than in the Spectrum
database. It is not surprising that performance differed between the two databases, given
how much they differed in terms of participant demographics, social context, and image qual-
ity. Further experimentation will be required to pinpoint exactly what differences between
the databases contributed to this drop in performance, but we suspect that illumination
conditions, frontality of camera placement, and participant head pose were involved. It is
also possible that the participants in the Spectrum database were more difficult to analyze
due to their depressive symptoms. Previous research has found that nonverbal behavior
(and especially smiling) changes with depression symptomatology [33]. There were also dif-
ferences between databases in terms of social context that likely influenced smiling behavior;
Spectrum was recorded during a clinical interview about depression symptoms, while BP4D
was recorded during tasks designed to elicit specific and varied emotions. Participants in
the Spectrum database smiled less frequently (20.5% of frames) and less intensely (average
intensity 1.5) than did participants in the BP4D database (56.4% of frames and average
intensity 2.4). This difference may have affected the difficulty of smile intensity estimation.

More surprising was that intensity estimation performance was higher for SIFT features
than for Gabor features. This finding is encouraging from a computational load perspective,
considering the toolbox implementation of SIFT used in this study [80] was many times
faster than our custom implementation of Gabor. However, it is possible that SIFT was

particularly well-suited to our form of registration with dense facial landmarking. Although
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we were unable to test this hypothesis in the current study, it would have been interesting to
compare these two methods of feature extraction in conjunction with a method of registration
using sparse landmarking (e.g., holistic face detection or eye tracking). It is also important
to note that the difference between SIF'T and Gabor features was larger in the Spectrum
database than in BP4D, which may be evidence of SIF'T’s appellative invariance.

For dimensionality reduction, intensity estimation performance was not significantly dif-
ferent between Laplacian Eigenmap and PCA. This may be an indication that the features
used in this study were linearly separable and that manifold learning was unnecessary. This
finding is also encouraging from a computational load perspective, as PCA is a much faster
and simpler technique. However, it is important to note that the success of each dimen-
sionality reduction technique depended on the database and on the classification method
used. Laplacian Eigenmap was better suited to the Spectrum database, multiclass SVM
classification, and e-SVR classification, while PCA was better suited to the BP4D database
and SVM margin classification. This finding suggests that supervised and nonlinear dimen-
sionality reduction techniques may be particularly useful for challenging databases.

Most relevant to our main hypothesis are the findings regarding classification method.
In line with the notion that intensity estimation and binary detection are different problems
requiring different solutions, the intensity-trained multiclass SVM and e-SVR classifiers per-
formed significantly better at intensity estimation than the margins of binary-trained SVM
classifiers. It is perhaps not surprising that classifiers trained for a specific task outperformed
a classifier that was re-purposed without changes or adaptations. However, contrary to this
notion, the intensity estimation performance yielded by SVM margins was not negligible. In

some databases and with some methods, performance was even admirable.

4.2 BINARY SMILE DETECTION

Binary detection performance also varied between databases, feature extraction methods,
and classification methods. These differences were very similar to those for expression inten-

sity estimation. Binary detection performance was higher for the BP4D database than for
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the Spectrum database, higher for SIFT features than for Gabor features, and no different
between Laplacian Eigenmap and PCA for dimensionality reduction.

Surprisingly, detection performance was higher for Multiclass SVM classification than for
SVM margin classification. This suggests that the best classifier for binary detection is not
necessarily the one trained on binary labels. Perhaps having subclassifiers trained on each
intensity level resolved the ambiguous cases of low intensity expressions, which might fall
closer to the distribution of an overall negative class than to that of an overall positive class.
As far as we know, this is the first study to attempt binary expression detection using an
intensity-trained classifier. Although collecting frame-level intensity ground truth is labor-
intensive, our findings indicate that this investment is worthwhile for even binary expression
detection. That e-SVR classification was not significantly better than SVM margins may be
a result of the discrepancy between levels of measurement for the output values and ground
truth coding. Because the fractional output of the e-SVR had to be discretized using an

arbitrary threshold (i.e., 0.5), borderline cases may have hurt its performance.

4.3 CONCLUSIONS

The primary goal of this paper was to learn whether binary expression detection and ex-
pression intensity estimation are different problems that require different solutions or similar
problems that can be approached with the same methods and even the same classifiers. Our
results indicate that these two problems require similar methods and can even be approached
using the same classifiers; however, these are not the classifiers that Bartlett et al. [4] had
in mind. Rather than the margins of binary-trained classifiers, our results support the use
of intensity-trained multiclass classifiers for both binary expression detection and expression
intensity estimation. SIFT features are recommended over Gabor features in conjunction
with dense facial landmarking, and unsupervised PCA is shown to be a competitive op-
tion for dimensionality reduction in the context of facial expression analysis. The fact that
these results were replicated in two separate (and quite different) databases increases our

confidence of their generalizability.
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4.4 LIMITATIONS AND FUTURE DIRECTIONS

The primary limitation of the current study was that it focused on a single facial expression
and did not test if these findings would generalize to others. Future work should definitely
explore this issue by comparing different methods for the intensity estimation of other ex-
pressions. One limitation of the current study that might have influenced its results is a
divergence between the number of reduced features yielded by Laplacian Eigenmap and
PCA. Although we followed the standard practice for each dimensionality reduction tech-
nique, this difference may have contributed to our mixed findings on the topic. Finally,
future work would benefit from a comparison of different registration techniques and cross-
validation procedures. The examination of additional (and more varied) methods for feature

extraction, dimensionality reduction, and classification would also be informative.
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