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Abstract

We have developed a method for distinguishing between
correctly labeled and mislabeled data sampled from video
sequences and used in the construction of a facial expres-
sion recognition classifier. The novelty of our approach lies
in training a single, optimal classifier type (a Support Vector
Machine, or SVM) on multiple representations of the data,
involving different ““discriminating” subspaces. Results of a
preliminary study on the discrimination of ’high stress” vs.
”low stress™ facial expression data by this method confirms
that our novel approach is able to distinguish subproblems
where labeling is highly reliable from those where misla-
beling can lead to high error rates. In helping detect data
sub-samples which yield misleading classification results,
the method is also a rapid, highly efficient cross-validated
approach for eliminating outliers.

1. Introduction

In many applications it is necessary to construct a clas-
sifier from unreliable training data. This situation can arise
not only from mistakes in the labeling process, but also from
noisy or inadequately sampled data which may not be suffi-
ciently representative of a correctly labeled complete sam-
ple. This often happens when objects are described by some
physical measurement obtained as results of experiments,
or when features are extracted by only partially-automated
process. For example, in speech recognition a human ex-
pert has to identify and label parts of a speech signal con-
taining specific sounds. Different experts may do so differ-
ently, and even experts may incorrectly specify the bound-
aries of the signal, or choose non-representative examples.

There is a large amount of literature on detecting out-
liers, defined as points that have low probability under an
assumed model of the data, or that are isolated from neigh-
bors [2], [11]. However, mislabeled or corrupted data will

not necessarily behave in a way consistent with being an
outlier, especially if it constitutes a relatively large part of
the available data.

The problem of dealing with mislabeled data, and in par-
ticular of constructing a classifier from such data, has been
approached from a number of different directions. A lot of
work has been done on detecting mislabeled data for k Near-
est Neighbor Classifiers (kNN), which are particularly sen-
sitive to noise and errors. Several methods are discussed in
[14]. Neural Nets (NN) are used to remove or relabel suspi-
cious examples in [10].

Removing points with consistently high weights during
training of support vector machines (SVM) has been re-
ported to improve training speed and classification perfor-
mance of acoustic speech models [8]. A related approach is
to remove points whose inclusion in the training set makes
its description, for example by a logical rule, significantly
more complicated. This approach was effective for noise re-
moval in the diagnosis of coronary artery disease [7].

A very general approach to finding mislabeled data was
suggested by Brodley and Friedl in [3]. A number of inde-
pendent classifiers of different types are trained and evalu-
ated on the available data using cross-validation. Each clas-
sifier thus makes a prediction about each point. The points
for which the prediction of at least one classifier (consen-
sus filtering) or majority of classifiers (majority vote) do not
match the label are not used in training of the final classi-
fier. This approach has been shown to be effective for Part-
of-Speech Tagged Corpora [1]. Extentions of this idea that
use ensemble-based methods such as bagging and boost-
ing are examined in [15]. It was found that majority vote
cross-validation and bagging consensus filters gave showed
best results.

In our experiments, instead of using several different
types classifiers, or training classifiers on different subsets
of the data, we train the same type of classifier (linear SVM)
on the data using different parts of the feature space. Intu-
itively, “discriminating” subspaces are the subspaces that do



not overlap and where the classifier has accuracy compara-
ble to that in the original feature space. In general, such sub-
spaces may be difficult to find explicitly, but in our case they
were suggested by the structure of the data, as will be seen
in Section 3.3. This approach uses only a single type of clas-
sifier and does not require any data sampling. We simply se-
lect the subspaces that we are going to use for building clas-
sifiers.

For domains where the structure of the feature space is
unknown, the use of SVM with different kernels provides
an alternative to our method, since use of different kernels
amounts to implicitly projecting data into different “kernel
spaces.” However we do not examine this approach in the
current paper.

We report here on the result of our approach in the con-
text of the problem of training a facial expression recog-
nition system. The data consists of 2-second segments of
a longer video sequence. The features characterize the dis-
placement and deformation of a mask that was manually
matched to the face and automatically tracked though the
segment. This situation is very similar to the speech recog-
nition example. While the correct label for the long se-
quence is known, the short segment, selected by a non-
expert, may not be representative. Furthermore, there may
be mistakes in the feature extraction process. Therefore,
when trying to build a classifier from the data collected in
this way, there can be many unreliable subsamples in the
data, mixed with the reliable ones.

Our paper gives a general methodology for determining
whether we are dealing with unreliable samples of data, and
how these can be filtered from the reliable samples based on
classifier performance. We also discuss applicability of our
method to recognizing facial expressions and finding reli-
able data subsets for this problem.

2. A general approach to unreliable data

For classification problems data can be considered re-
liable if we can build a classifier based on this data that
will have high cross-validation accuracy. This assumes that
the data uses an adequate representation, and that an appro-
priate class of classifiers has been chosen. In k-fold cross-
validation, data is partitioned in k£ non-overlapping sets, and
the system is trained on (k — 1) sets and evaluated on the re-
maining “left-out” set. This is repeated using each of the k
sets for evaluation. This method is efficient in its use of the
training data. Furthermore, it produces an estimate of the
classifier’s performance on each object. Literature on cross-
validation, its statistical properties and applications to pat-
tern recognition is extensive (ex. [9], [16]).

To build a reliable classifier one needs reliable data and
labeling. A few bad objects do not significantly affect the
cross-validation accuracy. However, when unreliable data

subsamples are anticipated, they can have a significant im-
pact on the classifier.

Let us assume that all of our data is correct. We can build
multiple classifiers on subspaces of the data and in the origi-
nal space, and estimate their accuracy with cross-validation.
Combining results of cross-validation across the classifiers,
we obtain, for each object, a statistic on how often it gets
misclassified. Good reliable data can be identified as sub-
sets of objects that are all correctly classified in the same
(or even in all) subspaces. Once a candidate reliable subset
is identified, we can check its quality by building a classifier
on it in the original space and performing cross-validation.
The results should be better on the whole data.

Once a good initial subset of reliable data is found, it can
be improved by trying to add or remove groups of points
and evaluating the classifier on the adjusted set. Alterna-
tively, semi-supervised learning methods can be applied,
with “good” set labels viewed as true, and “bad” set objects
viewed as unlabeled. The task is not to classify all objects,
but to extend the scope of the reliable classification. How-
ever, analysis of these approaches lies beyond the scope of
this paper. In the following sections we only demonstrate
that our method for finding initial reliable subsets can be
successful.

3. Application tofacial expression recognition

Facial Expression Recognition from short image se-
quences (video) is an important task for human-computer
interaction and virtual reality applications. Multiple stud-
ies of different methods have been conducted ([17], [13],
[6], [12]). We have short video segments of facial expres-
sion, labeled by the emotion of the long sequence from
which a particular segment is taken. We would like to use
these segments to construct a classifier capable of cor-
rectly labeling new sequences from new people (i.e. peo-
ple who were not present in the training sequences). Our
approach views each sequence of frames as a single ob-
ject, and constructs a new representation for the sequences
based on the dynamics of the frames. The classifier de-
sign and data validation are performed on this new repre-
sentation.

This section first describes how data was obtained and
how the representation of the sequences was constructed
and explains possible sources of errors in the training data.
The structure of our classifier is then briefly discussed.

3.1. Image sequence preprocessing

Data collection involved videotaping peoples’ faces as
they were undergoing various tests devised by psychiatrists.
The tests were devised to be of varying difficulty and would
induce stress in the subjects. The stress manifested on the



face is captured by the cameras. The video data thus ob-
tained is used for face tracking. The subjects express a wide
range of facial movements such as raising eyebrows, twist-
ing lip, half smiles, etc.

For our experiments we had 28 image sequences belong-
ing to two classes of 14 people (1 sequence for each class
from each person). The whole image sequence lasts about
30 minutes. In a practical application, a facial expression
has to be recognized much faster. Intervals lasting approx-
imately 2 seconds were chosen by a non-expert from each
sequence, as the most indicative of the expression. The seg-
ments selected varied in length from 44 to 727 frames, with
the total number of frames in the 28 sequences being 7236.
We note that even when the whole sequence is labeled by
a particular expression, it is possible that the expression is
not clearly present for some subintervals of time.

3.2. Frame representation

The choice of the features used to represent individual
frames is extremely important. On the one hand, extracting
such features automatically is a computationally intensive
task. On the other hand, while no method will work well
with poor features the only way of determining the quality
of a feature set is by observing the performance of a recog-
nition system. Practically all of the papers cited above used
different features in their recognition systems.

Face tracking was accomplished by a cue integration al-
gorithm. The algorithm integrates cues from edge informa-
tion, point trackers and optical flow information from the
images. A 3D face model which is capable of producing the
deformations mentioned above is fit to the subject’s face at
the starting frame of the tracking. Once the model is fit, the
tracking algorithm is run on the images which produces the
rigid and deformation parameters. Currently, we have pa-
rameters for eyebrow raising, lip stretching, lip curving and
jaw movement. This is in addition to the rigid translation
and rotation parameters.

In the end, each sequence is an ordered set of frames
155 ‘}, where each frame is represented as a

Sj = {z}, .., x;
vector in 14 dimensional space (z} € R%,d = 14).

3.3. Sequence representation and classifier design

Once all frames in each 2-second sequence are repre-
sented in the feature space of Section 3.2, we construct vec-
tor representations of individual sequences.

We use an HMM methodology in an unsupervised set-
ting to accomplish two tasks. First, by training the HMM on
each sequence, we obtain a partition of each sequence into
sets of frames associated with different states of the HMM.
Secondly, we use the parameters of the HMM associated

with each state, or with the whole HMM, as a new repre-
sentation of a corresponding set of frames or the whole se-
quence. Since the new representation consists of vectors of
the same dimensionality, we use Support Vector Machines
(SVM) [5] to classify sequences in the new feature space.

For each sequence S; in the training set we construct an
HMM H; with specified number of states, and the Gaus-
sian model for the distribution of observations in each state.
We represent the sequence by the vector of parameters of
the states of HMM denoted by r(.S;). For example, given a
choice of representation j = 0, ..., n, we represent each se-
quence S; by a vector r;(.S;):

sy ={ b= @

v = (Wi, fiz, ooy fin), 5=0
where 1;; is the mean of the distribution of observations at
the state j of HMM H;. (Note that representations r;(.S;)
for j = 1,n can be seen as a set of non-overlapping sub-
spaces of representation ro(S;) = v;). We then train SVM
classifier on a set of representative vectors r(.S;).

For a test sequence S, we construct its HMM model H,
and its representative vector r(.S; ), and apply the SVM clas-
sifier to it. The high-level pseudocode for training and test-
ing of the classifiers is given in Algorithm 1 and Algorithm
2.

Algorithm 1 Training Algorithm

Require: A set of k sequences S;, i = 1, k, number of
states n > 1.

1: fori=1,...,kdo

2. Construct an HMM H; with n states, based on se-
quence S;.

3. Compute representative vector r(.5;).

4: end for

5. Train SVM R on the set of vectors 7(S;),i = 1, ..., k.

6: Output resulting classifier R.

Algorithm 2 Classification Algorithm
Require: A sequence S;, number of states n > 1.
1: Construct an HMM H, with n states, based on se-
quence S,
2. Compute representative vector r(.S;).
3: Return the label given by classifier R to vector r(S;).

4. Validation of facial expression recognition
system

For facial expression recognition we can assume that we
have several sequences for each person. The cost of obtain-
ing the training data is high. In order to estimate the per-
formance of our system on a new sequence (from a new



Representation n=2 n=3 n=4 Representation n=2 n=3 n=4
v; 18 643% | 19 67.9% | 18 64.3% v; 8 57.1% |8 57.1% |8 57.1%
i1 16 57.1% | 17 60.7% | 18 64.3% i1 9 643% |9 643% |9 64.3%
i2 15 53.6% | 14 50.0% | 17 60.7% iz 7 50.0% | 7 50.0% | 7 50.0%
Lhid 17  60.7% Lhid 8 57.1%

Table 1. Results of cross-validation over all
data (28 sequences).

Table 3. Results of cross-validation over un-
reliable data (14 sequences).

mented with an HMM consisting of n = 2, 3, 4 states.

Initially  we

applied

leave-one-person-out

Cross-

Representation n=2 n=3 n=4
v; 11 78.6% | 10 71.4% | 11 78.6%
i1 12 857% | 12 85.7% | 11 78.6%
Lhi2 13 929% | 10 71.4% | 10 71.4%
i3 13 929% | 12 85.7%

Table 2. Results of cross-validation over
“good” data (14 sequences).
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person), it seems reasonable to use “leave-one-person-out
cross-validation. In other words, we train our system on all
sequences except for the ones produced by a single person.
Then we evaluate our system on the sequences of that one
person. We repeat this for all persons for whom we have the
data. This approach should provide us with a realistic esti-
mate of the performance of our system on a sequence from
a new person. Furthermore, we obtain classification results
on each sequence in the training data. This should enable
us to analyze any mistakes and to improve our understand-
ing of the problem and of the behavior of our system.

Since we can construct multiple representations for each
sequence by choosing a number of states of HMM, and a
specific state, as in (1), we can train classifiers and evaluate
their accuracy using each of these representations. We thus
obtain a number of predictions for each sequence. Since
the size of the data is small, and the process of obtaining
the data is expensive, we have to be careful in eliminating
the data. An additional consideration is that we don’t want
to use sequences of a person unless both of them are reli-
able. Therefore, we cannot use concensus filters or majority
votes as in [3]. We keep all of person’s sequences if both of
them have greater than 50% accuracy. Otherwise, all the se-
quences of that person are removed.

5. Experimental results

In all of our experiments, we use a linear SVM mode
of BSVM [4] (parameter settings “-s 2 -t 0”). We experi-

validation to all data. The results can be seen in Ta-
ble 1. The column header contains the number of states of
the HMM. The rows correspond to the sequence represen-
tation used (see Section 3.3). The cells contains the number
(out of 28) and percentage of sequences classified cor-
rectly by SVM using the corresponding representation.
The results are rather consistent. The accuracy is approxi-
mately 16-18 out of 28 for parameters and features, which
yields 57% — 64%. The result is clearly better than ran-
dom guessing, but is not particularly good.

We decided to examine where the mistakes are made. By
combining results of all experiments, i.e. over all values of
n and choices of representation, we obtained evidence that
for 7 out of the 14 persons, one of the sequences was al-
most always labeled incorrectly. More specifically, we had
results of cross-validation prediction for using each of the
12 possible representations on each pair of sequences. For
the 7 people one of these sequences would be misclassified
at least 10 out of 12 times. We kept the sequences from the
other subjects in a “good” set. We then repeated the leave-
one-person-out cross-validation only on the 14 sequences
of the “good” set. These results are in Table 2. With a con-
siderable reduction of the training set size, the accuracy im-
proved very notably: 10-13 out of 14, or 71% to 93%. This
suggests that the sequences in the “bad” set were not sim-
ply difficult, but misleading. The sequences in the good set
are in fact very consistent with each other in terms of how
facial expression is produced.

In order to check whether the *“bad” sequences in
fact constitute another coherent group we repeated
cross-validation experiments on that set. The poor re-
sults (Table 3) all yield 50% — 64% performance, and
suggest that the sequences in that set do not form a coher-
ent group.

The accuracy results of classifiers trained on the “good”
when applied to the “bad” set were all around 50%. We also
trained classifiers on the “bad” set and applied them to the
good set. The resulting accuracy was in the range 42%-57%.
This indicates that the sequences in the “bad” set are not



merely the marginal points, since then a classifier trained
on that set would give a good classification performance on
the “good” set despite a possibly poor cross-validation per-
formance.

The analysis we conducted illustrates a possible ap-
proach to selection of the training data to be used in con-
structing a good facial expression recognition system.

6. Conclusion

We have suggested a general approach to extracting reli-
able data from a set of objects that are possibly mislabeled
or incorrectly represented. Our approach trains the same
classifier on different representations of the data, that can
be thought of as different subspaces of the same represen-
tation, to obtain statistics on labeling of each point. This
sets it apart from existing methods that use different sub-
sets of data to train classifiers or use different types of clas-
sifiers [3], [15].

The results of experiments with facial expression recog-
nition data show that this approach is successful in finding
a large subset of good objects. This, in effect, shows that
the method works as a highly efficient cross-validated ap-
proach for eliminating classification outliers. We are cur-
rently carrying out experiments with more extensive facial
recognition datasets to investigate more deeply the proper-
ties of our approach.

A detailed study on a number of benchmark datasets
would be necessary to compare our approach with other ex-
isting methods and to determine under what circumstances
a particular method for finding mislabeled data should be
used by itself or in conjunction with other methods.
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