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Abstract: Facial expression recognition has been an active topic in electronics and computer
science for over two decades, in particular facial action coding system action unit (AU)
detection and classification of a number of discrete emotion states from facial expressive
imagery using HAAR like features. Standardization and comparability have received some
attention; for instance, there exist a number of commonly used facial expression databases.
Here the system uses OpenCV library for capturing video stream. From that stream
expression of the face is detected. This paper presents an embedded system of the first such
challenge in automatic recognition of facial expressions. It details the challenge data,
evaluation protocol, and the results attained in two sub-challenges: AU detection and
classification of facial expression imagery in terms of a number of discrete emotion
categories.
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INTRODUCTION
COMPUTERS and other powerful electronic devices sur- round us in ever increasing numbers,
with their ease of use continuously being improved by user-friendly interfaces. Yet, to
completely remove all interaction barriers, the next- generation computing (a.k.a. pervasive
computing, ambient intelligence, and human computing) will need to develop human-centered
user interfaces that respond readily to naturally occurring multimodal human communication
[39]. An important functionality of these interfaces will be the capacity to perceive and
understand the user’s cognitive appraisals, action tendencies, and social intentions that are
usually associated with emotional experience. Because facial behavior is believed to be an
important source of such emotional and interpersonal information [2], automatic analysis of
facial expressions is crucial to human–computer interaction.
Even though automatic classification of face imagery in terms of the six basic emotion
categories is considered largely solved, reports on novel approaches are published even to date
(e.g., [28], [35], [49], and [52]). While, in truth, such systems directly to a small number of
discrete affective states such as the six basic Most facial expression analysis systems developed
so far adhere independent from any interpretation attempt, leaving the often impossible to
measure, sign judgment is agnostic, often impossible to measure, sign judgment is agnostic,
While message judgment is all about interpretation, with the judgment approach and as a facial
movement that lowers and can be judged as possibly caused by “anger” in a message pulls the
eyebrows closer together in a sign- judgment approach. ground truth being a hidden state that
is often impossible to measure, sign judgment is agnostic, inference about the conveyed
message to higher order decision making. to the message-judgment approach. They attempt to
recognize a small set of prototypic emotional facial expressions said to relate emotions
proposed by Ekman [15], [41], [57], [66].recognize prototypical facial expressions but not
actually recognizing emotions, for brevity, we will refer to this process as “emotion
recognition.”
The first survey of the field was published in 1992 [44] and has been followed up by several
others [20], [40], [68]. However, the question remains as to whether the approaches proposed
to date actually deliver what they promise. To help answer that question, I felt that it was time
to take stock, in an objective manner, of how far the field has progressed. Researchers often do
report on the accuracy of the proposed approaches using a number of popular publicly
available facial expression databases (e.g., the Cohn–Kanade database [26], the MMI Facial
Expression database [42], [58], or the JAFFE database [33]). A periodical challenge in facial
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expression recognition would allow this comparison in a fair manner. It would clarify how far
the field has come and would allow us to identify new goals, challenges, and targets.
Two main streams in the current research on automatic analysis of facial expressions consider
facial affect (emotion) inference from facial expressions and facial muscle action de- tection
[38], [41], [57], [66]. These streams stem directly from the two major approaches to facial
expression measurement in psychological research [10]: message and sign judgment. The aim
of the former is to infer what underlies a displayed facial expression, such as affect or
personality, while the aim of the latter is to describe the outward “surface” of the shown
behavior, such as facial movement or facial component shape.
Thus, a frown can be judged as possibly caused by “anger” in a message-judgment approach
and as a facial movement that lowers and pulls the eyebrows closer together in a signjudgment approach. While message judgment is all about inter- pretation, with the ground
truth being a hidden state that is often impossible to measure, sign judgment is agnostic,
independent from any interpretation attempt, leaving the inference about the conveyed
message to higher order decision making. Most facial expression analysis systems developed so
far adhere to the message-judgment approach.
They attempt to recognize a small set of prototypic emotional facial expressions said to relate
directly to a small number of discrete affective states such as the six basic emotions proposed
by Ekman [15], [41], [57], [66]. Even though automatic classification of face imagery in terms of
the six basic emotion categories is considered largely solved, reports on novel approaches are
published even to date (e.g., [28], [35], [49], and [52]). While, in truth, such systems recognize
prototypical facial expressions but not actually rec- ognizing emotions, for brevity, we will refer
to this process as “emotion recognition.”
Here HAAR cascaded algorithms are used for detecting the facial expressions. Haar-like features
are digital image features used in object recognition. They owe their name to their intuitive
similarity with Haar wavelets and were used in the first real-time face detection. As AUs are
independent of any interpretation, they can be used as the basis for any higher order decision
making process, including recognition of basic emotions [18], cognitive states like
(dis)agreement and puzzlement [11], psychological states like pain [13], and socio-cultural
signals like emblems (i.e., culture-specific interactive signals like wink, coded as left or right
AU46), regulators (i.e., conversational mediators like exchange of a look, coded by AUs for eye
position), and illustrators (i.e., cues accompanying speech like raised eyebrows, coded as
AU1+AU2) [17]. Hence, AUs are extremely suitable to be used as midlevel parameters in an
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automatic facial behavior analysis system as they reduce the dimension- ality of the problem
[60] (thousands of anatomically possible facial expressions [17] can be represented as
combinations of 32 AUs).
In terms of feature representation, the majority of the au- tomatic facial expression recognition
literature can be divided into three ways: those that use appearance-based features (e.g., [7],
[24], and [35]), those that use geometric-feature-based approaches (e.g., [28] and [57]), and
those that use both (e.g., [3] and [54]). Both appearance- and geometric-feature-based
approaches have their own advantages and disadvantages, and we expect that systems that use
both for this challenge will result in the highest accuracy.
Another way that existing systems can be classified is in the way they make use of temporal
information. Some systems only use the temporal dynamics information encoded directly in the
utilized features (e.g., [24] and [67]), others only employ machine learning techniques to model
time (e.g., [50] and [56]), while others employ both (e.g., [57]). Currently, it is unknown what
approach could guarantee the best performance.
An overview of a recent literature in the field is provided in Section II. In Section III I’m going to
discuss about working of HAAR like features. In Section IV, described the challenge protocol for
both the AU detection and emotion recognition sub-challenges. A detailed analysis of the
results attained in this challenge is given in Section V. I conclude this paper with a discussion of
the challenge and its results in Section VI.
II. OVERVIEW OF EXISTING WORKS
Below, I present a short overview of the main streams of automatic recognition of prototypical
facial expressions associ- ated with discrete emotional states and of automatic detection of
FACS AUs. For detailed surveys, we refer the reader to [41] and [66].
A. Emotion Recognition
Emotion recognition approaches can be divided into two groups based on the type of features
used, either appearance- based features or geometry-based features. Appearance features
describe the texture of the face caused by expression, such as wrinkles and furrows. Geometric
features describe the shape of the face and its components such as the mouth or the
eyebrows.
Within the appearance-based techniques, the theory of non- negative matrix factorization
(NMF) has recently led to a num- ber of promising works. A technique called graph-preserving
4
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sparse NMF (GSNMF) was introduced by Zhi et al. [68] and applied to the problem of six-basicemotion recognition. The GSNMF is an occlusion-robust dimensionality reduction tech- nique
that can be employed either in a supervised or unsuper- vised manner. It transforms highdimensional facial expression images into a locality-preserving subspace with sparse representation. On the Cohn–Kanade database, it attains a 94.3% recognition rate. On occluded
images, it scored between 91.4% and 94%, depending on the area of the face that was
occluded. Another recent NMF technique is nonlinear nonnegative component analysis, a
novel method for data representation and classification proposed by Zafeiriou and Petrou [65].
Based on NMF and kernel theory, the method allows any positive definite kernel to be used and
assures stable convergence of the optimization problem. On the Cohn–Kanade database, they
attained an average 83.5% recognition rate over the six basic emotions.
Other appearance features that have been successfully em- ployed for emotion recognition are
the local binary pattern (LBP) operator [49], [67], local Gabor binary patterns (LGBPs) [35], local
phase quantization (LPQ) and histogram of oriented gradients [14], and Haar filters [31].
Most geometric-feature-based approaches use active appear- ance models (AAMs) or
derivatives of this technique to track a dense set of facial points (typically 50–60). The locations
of these points are then used to infer the shape of facial features such as the mouth or the
eyebrows and thus to classify the facial expression. A recent example of an AAM-based
technique is that of Asthana et al., who compare different AAM fitting algorithms and evaluate
their performance on the Cohn–Kanade database, reporting a 93% classification accuracy [4].
Another example of a system that uses geometric features to detect emotions is that by Sebe et
al. [47]. Piecewise Bézier volume deformation tracking was used after manually locating a
number of facial points. They experimented with a large number of machine learning
techniques.
Surprisingly, the best result was attained with a simple k-nearest neighbor technique that
attained a 93% classification rate on the Cohn–Kanade database.
Sung and Kim [52] used AAMs to track facial points in 3-D videos. They introduce Stereo Active
Appearance Models (STAAM), which improves the fitting and tracking of standard AAMs by
using multiple cameras to model the 3-D shape and rigid motion parameters. A layered
generalized discriminant analysis classifier, which is based on linear discriminant analy- sis, is
then used to combine the 3-D shape and registered 2-D appearance. Unfortunately, although
the approach appears to be promising, it was evaluated for only three expressions, and no
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results on a benchmark database (such as the Cohn–Kanade or MMI Facial Expression
databases) were presented.
Current challenges in automatic discrete emotion recognition that remain to be addressed are
dealing with out-of-plane head rotation, spontaneous expressions, and recognizing mixtures of
emotions. Out-of-plane rotation and mixtures of emotions are two problems that are likely to
coincide when moving to spontaneous real-world data. While some progress has been made in
dealing with occlusions and tracking facial points in imagery of unseen subjects (e.g., [45] and
[68]), these two elements remain a challenge as well.
B. AU Detection
AU detection approaches can be divided into a number of ways. Just as for emotion
recognition, it is possible to divide them into systems that employ appearance-based features, geometric features, or both. Another way of dividing them is how they deal with the
temporal dynamics of facial expressions: Frames in a video can either be treated as being
independent of each other (this includes methods that target static images) or a sequence of
frames that can be treated by a model that explicitly encompasses the expression’s temporal
dynamics.
A recently proposed class of appearance-based features that have been used extensively for
face analysis is dense local appearance descriptors. First, a particular appearance descrip- tor is
computed for every pixel in the face. To reduce the dimensionality of the problem and the
sensitivity to alignment of the face, the descriptor responses are then summarized by
histograms in predefined subregions of the face. For AUs, this approach was followed by Jiang
et al., using LBP and LPQ [24]. Another successful appearance descriptor is the Gabor
wavelet filter. Littlewort et al. [31] select the best set of Gabor filters using GentleBoost and
train support vector machines (SVMs) to classify AU activation. Some measure of AU inten- sity
is provided by evaluating for a test instance the distance to the separating hyperplane provided
by the trained SVM. Haar- like features were used in an AdaBoost classifier by Whitehill and
Omlin [62].
An example of an appearance-based approach that explicitly models a facial expression’s
temporal dynamics is that of Koelstra et al. [27]. In their work, they propose a method that
detects AUs and their temporal phase onset, apex, and offset using free-form deformations and
motion history images as appearance descriptors and hidden Markov models as machine
learning technique.
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In the geometric feature category, Valstar and Pantic [59] automatically detect 20 facial points
and use a facial point tracker based on particle filtering with factorized likelihoods to track this
sparse set of facial points. From the tracked points, both static and dynamic features are
computed, such as the distances between pairs of points or the velocity of a facial point. With
this approach, they are able to detect both AU activation and the temporal phase onset, apex,
and offset.
Simon et al. [50] use both geometric and appearance-based features and include modeling of
some of the temporal dynam- ics of AUs in a proposed method using segment-based SVMs.
Facial features are first tracked using a person-specific AAM so that the face can be registered
before extracting SIFT features. Principal component analysis (PCA) is applied to reduce the
dimensionality of this descriptor. The proposed segment-based SVM method combines the
output of static SVMs for multiple frames and uses structured-output learning to learn the
begin- ning and end time of each AU. The system was evaluated for eight AUs on the M3
database (previously called RU-FACS), attaining an average of 83.75% area under the ROC
curve.
When facing real-world data, researchers have to face prob- lems such as very large data sizes
or low AU frequencies of occurrence. In their work, Zhu et al. focus on the automatic selection
of an optimal training set using bidirectional boot- strapping from a data set with exactly such
properties [69]. The features used are identical to those described and used by Simon et al.
[50]. The proposed dynamic cascades with bidi- rectional bootstrapping apply GentleBoost to
perform feature selection and training instance selection in a unified framework. On the M3
database, the system attained an average 79.5% are under the ROC curve for 13 AUs. For an
overview of more recent work by researchers at CMU, see [29].
Current challenges in AU detection include handling of out- of-plane head rotations and
occlusion, two conditions that occur frequently in real-world data of spontaneous expressions.
Because AUs are more localized in the face than expressions of discrete emotions, the problem
of occlusion is much bigger for AUs than for emotions. Likewise, out-of-plane head rotations
can cause self-occlusions of parts of the face that display some AUs, making the problems
caused by out-of-plane head poses harder than it is for emotions. Another issue of moving to
data of spontaneous expressions is that the co-occurrences between AUs become much harder
to model, compared to the limited number of co-occurrence patterns in databases of posed
expressions such as the Cohn–Kanade database.
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Aside from AU detection, the detection of an AU’s tempo- ral phase transitions (onset, apex,
and offset), as well as its intensity, is a partially unsolved problem. Being able to predict these
variables would allow researchers to detect more complex higher level behavior such as
deception, cognitive states like (dis)agreement and puzzlement, or psychological states like pain
[11], [13]
III HAAR like features
HAAR CASCADE CLASSIFIERS
The core basis for Haar classifier object detection is the Haar-like features. These features,
rather than using the intensity values of a pixel, use the change in contrast values between
adjacent rectangular groups of pixels. The contrast variances between the pixel groups are used
to determine relative light and dark areas. Two or three adjacent groups with a relative contrast
variance form a Haar-like feature. Haar-like features, as shown in Figure 1 are used to detect an
image [8]. Haar features can easily be scaled by increasing or decreasing the size of the pixel
group being examined. This allows features to be used to detect objects of various sizes.

Integral Image
The simple rectangular features of an image are calculated using an intermediate
representation of an image, called the integral image. The integral image is an array containing
the sums of the pixels’ intensity values located directly to the left of a pixel and directly above
the pixel at location (x,y) inclusive. So if A[x,y] is the original image and AI[x,y] is the integral
image then the integral image is computed as shown in equation 1.
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Lienhart and Maydt, require another intermediate representation called the rotated integral
image or rotated sum auxiliary image [5]. The rotated integral image is calculated by finding the
sum of the pixels’ intensity values that are located at a forty five degree angle to the left and
above for the x value and below for the y value. So if A[x,y] is the original image and AR[x,y] is
the rotated integral image then the integral image is computed as shown in equation 2.

It only takes two passes to compute both integral image arrays, one for each array. Using the
appropriate integral image and taking the difference between six to eight array elements
forming two or three connected rectangles, a feature of any scale can be computed. Thus
calculating a feature is extremely fast and efficient. It also means calculating features of various
sizes requires the same effort as a feature of only two or three pixels. The detection of various
sizes of the same object requires the same amount of effort and time as objects of similar sizes
since scaling requires no additional effort.
Classifiers Cascaded
Although calculating a feature is extremely efficient and fast, calculating all 180,000 features
contained within a 24 × 24 sub-image is impractical [Viola 2001, Wilson 2005]. Fortunately, only
a tiny fraction of those features are needed to determine if a sub-image potentially contains the
desired object. In order to eliminate as many sub-images as possible, only a few of the features
that define an object are used when analyzing sub-images. The goal is to eliminate a substantial
amount, around 50%, of the sub-images that do not contain the object. This process continues,
increasing the number of features used to analyze the sub-image at each stage. The cascading
of the classifiers allows only the sub-images with the highest probability to be analyzed for all
Haar-features that distinguish an object. It also allows one to vary the accuracy of a classifier.
One can increase both the false alarm rate and positive hit rate by decreasing the number of
stages. The inverse of this is also true. Viola and Jones were able to achieve a 95% accuracy rate
for the detection of a human face using only 200 simple features. Using a 2 GHz computer, a
Haar classifier cascade could detect human faces at a rate of at least five frames per second.
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Training Classifiers For Facial Features
Detecting human facial features, such as the mouth, eyes, and nose require that Haar classifier
cascades first be trained. In order to train the classifiers, this gentle AdaBoost algorithm and
Haar feature algorithms must be implemented. Fortunately, Intel developed an open source
library devoted to easing the implementation of computer vision related programs called Open
Computer Vision Library (OpenCV). The OpenCV library is designed to be used in conjunction
with applications that pertain to the field of HCI, robotics, biometrics, image processing, and
other areas where visualization is important and includes an implementation of Haar classifier
detection and training. To train the classifiers, two set of images are needed. One set contains
an image or scene that does not contain the object, in this case a facial feature, which is going
to be detected. This set of images is referred to as the negative images. The other set of
images, the positive images, contain one or more instances of the object.
The location of the objects within the positive images is specified by: image name, the upper
left pixel and the height, and width of the object [1]. For training facial features 5,000 negative
images with at least a mega-pixel resolution were used for training. These images consisted of
everyday objects, like paperclips, and of natural scenery, like photographs of forests and
mountains.
In order to produce the most robust facial feature detection possible, the original positive set of
images needs to be representative of the variance between different people, including, race,
gender, and age. A good source for these images is National Institute of Standards and
Technology’s (NIST) Facial Recognition Technology (FERET) database. This database contains
over 10,000 images of over 1,000 people under different lighting conditions, poses, and angles.
In training each facial feature, 1,500 images were used. These images were taken at angles
ranging from zero to forty five degrees from a frontal view. This provides the needed variance
required to allow detection if the head is turned slightly
Three separate classifiers were trained, one for the eyes, one for the nose, and one for the
mouth. Once the classifiers were trained, they were used to detect the facial features within
another set of images from the FERET database. The accuracy of the classifier was then
computed as shown in Table 1. With the exception of the mouth classifier, the classifiers have a
high rate of detection. However, as implied by [3], the false positive rate is also quite high.
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Regionalized Detection
Since it is not possible to reduce the false positive rate of the classifier without reducing the
positive hit rate, a method besides modifying the classifier training attribute is needed to
increase accuracy. The method proposed to is to limit the region of the image that is analyzed
for the facial features. By reducing the area analyzed, accuracy will increase since less area
exists to produce false positives. It also increases efficiency since fewer features need to be
computed and the area of the integral images is smaller. In order to regionalize the image, one
must first determine the likely area where a facial feature might exist. The simplest method is
to perform facial detection on the image first. The area containing the face will also contain
facial features. However, the facial feature cascades often detect other facial features as
illustrated in Figure 4. The best method to eliminate extra feature detection is to further
regionalize the area for facial feature detection. It can be assumed that the eyes will be located
near the top of the head, the nose will be located in the center area and the mouth will be
located near the bottom. The upper 5/8 of the face is analyzed for the eyes. This area
eliminates all other facial features while still allowing a wide variance in the tilt angle. The
center of the face, an area that is 5/8 by 5/8 of the face, was used to for detection of the nose.
This area eliminates all but the upper lip of the mouth and lower eyelid. The lower half of the
facial image was used to detect the mouth. Since the facial detector used sometimes eliminates
the lower lip the facial image was extended by an eighth for mouth detection only.

11

Available Online at www.ijpret.com

Research Article
S Bala Brahmam, IJPRET, 2013; Volume 2 (5): 1-20

ISSN: 2319-507X
IJPRET

IV Results
The challenge is divided into two sub-challenges. The goal of the AU detection sub-challenge is
to identify in every frame of a video whether an AU was present or not (i.e., it is a multiplelabel binary classification problem at frame level). The goal of the emotion recognition subchallenge is to recognize which emotion was depicted in that video. The first step in facial
feature detection is detecting the face. This requires analyzing the entire image. The second
step is using the isolated face(s) to detect each feature. The result is shown in Figure 5. Since
each the portion of the image used to detect a feature is much smaller than that of the whole
image, detection of all three facial features takes less time on average than detecting the face
itself. Using a 1.2GHz AMD processor to analyze a 320 by 240 image, a frame rate of 3 frames
per second was achieved. Since a frame rate of 5 frames per second was achieved in facial
detection only by using a much faster processor, regionalization provides a tremendous
increase in efficiency in facial feature detection.
Regionalization also greatly increased the accuracy of the detection. All false positives were
eliminated, giving a detection rate of around 95% for the eyes and nose. The mouth detection
has a lower rate due to the minimum size required for detection. By changing the height and
width parameter to more accurately represent the dimensions of the mouth and retraining the
classifier the accuracy should increase the accuracy to that of the other feature.
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O/P: Laugh

O/P: Smile

O/P: Angry
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