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Abstract— Researches using facial emotion detection, which involves making a computer being able to perceive
the emotional state of a human user. In this work, we propose an initial approach to develop an automatic emotion
classification using Eulerian Video Magnification and Artificial Neural Networks (ANN). The proposed approach
creates a descriptor vector from processed Eulerian Magnification videos and uses an ANN classification to achieve
a suitable accuracy rate for isolated and combined emotions.
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1 Introduction

Facial emotion recognition deals with computers
automatically perceiving the emotional state of a
human user. This research area has been gain-
ing a lot of attention recently due to its poten-
tial application in many fields, such as medical
engineering (Leon et al., 2005), psychology (Yick
et al., 2015), robotics (Tsai et al., 2009) and foren-
sics applications (Fairhurst et al., 2014). Accord-
ing to (Sanchez-Mendoza et al., 2015), a dynamic
facial behavior can be very rich source of infor-
mation for revealing emotions and much of the
information of the emitter’s message can be in-
ferred by the facial expression. For these rea-
sons, facial emotion recognition tasks are consid-
ered an interesting challenge for computer vision
industrial and research areas. Many methods have
been proposed by different research groups trying
to achieve an efficient approach to detect human
facial emotions using computer vision.

In this work, we propose a robust system able
to perform automatic emotion classification using
Eulerian Video Magnification and Artificial Neu-
ral Networks. Section 2 describes the main re-
lated works on automatic emotion detection. The
proposed methodology and initial results are pre-
sented in Section 3 and 4, respectively. Conclu-
sions and further work are discussed in Section 5.

2 Related Works

Emotion classification is currently receiving a lot
of attention from researchers due to its potential
application in many fields as psychology, human
behavior studies and human-computer interface.
The process of emotion classification is still a chal-
lenging task in computer vision. Currently, the
main focus is on systems that perform the classi-
fication based on the combination of information
provided by human voice (Alva et al., 2015)(Reney
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and Tripathi, 2015) and features extracted from
human face captured by a camera, as described in
(Su et al., 2014).

The Facial Action Coding System (FACS)
(Ekman et al., 2002) is the best known and the
most commonly used system developed for human
observers to describe facial activity in terms of
visually observable facial muscle actions (called
Action Units, AUs). With FACS, human ob-
servers uniquely decompose a facial expression
into one or more of 44 AUs that produced the
expression in question. According to (Pantic
and Rothkrantz, 2003), many works have ap-
plied several techniques, as Artificial Neural Net-
works (ANN), Support Vector Machines (SVM)
and Bayesian Networks, when trying to achieve
an efficient emotion classification system.

(Bouhabba et al., 2011) presents a real time
approach to emotion recognition using an auto-
matic facial feature tracker to perform face local-
ization and feature extraction. The facial feature
displacements in the video stream are used as in-
put to a Support Vector Machine classifier. The
proposed method is evaluated in terms of recogni-
tion accuracy for a variety of interaction and clas-
sification scenarios. In (Jagadiswary et al., 2011),
a segmentation method is proposed that can han-
dle even degraded images acquired in less con-
strained conditions. First of all, the information
from eye elements (sclera) is used to generate a
new type of feature that measures the proportion
of these eye elements in each direction. After pro-
cessing eye elements, the procedure is suitable for
real-time applications.

In the approach described in (Fan et al.,
2014), the authors focused on emotion detection
in angry-neutral speech, which is common in re-
cent studies of Automatic Emotion Variation De-
tection (AEVD). A novel framework for AEVD us-
ing Multi-scaled Sliding Window (MSW- AEVD)
is proposed to assign an emotion class to each
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window-shift by fusion of decisions of all the slid-
ing windows containing the shift. Using the par-
allel fusion strategy, they achieve a F-score about
92%. Unfortunately, not much additional infor-
mation is described, which is crucial to explain
the high F-score rates achieved.

In the study described in (Oh and Hong,
2014), a face region is identified through a com-
bination of the YCbCr color space model and the
Maximum Morphological Gradient Combination
(MMGC) image. The search region for the fa-
cial component detection is limited to the recog-
nized face region. The facial components are de-
tected using the histogram method, the blob la-
beling method, and the MMGC image. A special-
ized emotion dataset (eNTERFACE’05) is used to
evaluate the proposed methodology and to achieve
accuracy around 81%.

In this paper, we propose an early approach
to the emotion recognition problem. A particular
feature of this proposal lies in that no additional
information, besides the face video, is necessary
to proceed the recognition.

3 Proposed Methodology

The approach proposed in this work is based on
Eulerian Video Magnification, as described in (Wu
et al., 2012). Using this technique, it is possi-
ble to extract small micro motion variations in a
video sequence. This amplification is necessary
to improve the magnified features about the face
in the video, defined as facial micro-expressions,
which can then be used to generate descriptors
and allow the training of an Artificial Neural Net-
work (ANN) to classify and recognize the emo-
tions. The proposed methodology is composed of
steps described in the Figure 1 flowchart.

The following Sections describe detailed de-
scriptions of each stage shown in the flowchart.

3.1 Face Detection

In this approach, the individual face is the main
region of interest in the image. To capture this
area, a face detection algorithm is used to de-
tect and crop it. This process results in a new
video that only has the region of interest in it, re-
moving unwanted information for the future steps.
We use the Viola-Jones’s with Haar-Cascade face
detection algorithm, as described in (Viola and
Jones, 2004).

3.2 Eulerian Video Magnification

The Eulerian Video Magnification (Wu et al.,
2012) amplifies motion and color changes in the
input video, allowing the use of information that
was not available without the magnification. Dif-
ferent types of magnification could be used, as it
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Figure 1: Flowchart describing the proposed
methodology.

is possible to change the type of spatial process
and the type of temporal processing.

The spatial types of processing employed here
are the Laplacian and Gaussian methods. The
Gaussian spatial processing only works with an
ideal time processing, due to an impossibility
of performing the magnification frame by frame
along with the filters creation.

The Spatial Laplacian processing, on the
other hand, allows different types of temporal pro-
cessing, as Butter and Infinite Impulse Response
(ITR), that creates Laplacian pyramids and use
the filters created by these pyramids while pro-
cessing the video, being faster than the ideal tem-
poral processing. For the proposed methodology,
the spatial processing used is the Spatial Lapla-
cian. The Figure 2 illustrates the Eulerian Video
Magnification on an example.

(a) Frame from the in- (b) Frame from the

put video. magnified video.

Figure 2: Sample frames from an input video.
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3.8 Luma Component

After the Eulerian Video Magnification stage, it is
necessary to obtain the Luma component (Y). The
magnified video is then used as an input and each
frame in RGB color space is converted to the color
system YCbCr, which results in one value of the
component for each pixel of each frame. Prelimi-
nary tests have shown that the Luma component
channels many quantities of the magnified facial
micro-expression, and for that reason it is used
here to generate the descriptors.

Since the components Cb and Cr are poor
in these magnified micro-expressions,( they carry
similar information among distinct emotions),
they are discarded as descriptors candidates to
emotion classification stage.

3.4 Descriptors Evaluation

With Luma values of all pixels of each frame, four
elements are used in the descriptor vector: mean,
variance, kurtosis and skewness. These values are
employed to analyze the magnified video, and it
results in four prototype variables for the classifi-
cation stage.

The prototype variable mean (u) is the mean
(Equation 1) of the Luma component from all
pixels of all frames in the analyzed video. The
variance variable (Equation 2) measures how far
the Luma component spreads out, and when the
variance value is zero it indicates that all values
are identical. Since the values of the Luma com-
ponents can be modeled as a discrete function, the
variance can be computed as shown in Equation
2.

-
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The skewness is obtained from the measure of
symmetry of the probability function. The value
of skewness can be positive, negative, or even un-
defined. When the skewness is equal to zero, it
means that the probability function is symmetric.
If a distribution has a positive skewness, the tail
on the right side is longer or bigger than the tail
on the left side, while a negative skewness value
indicates that the tail is longer or bigger on the
left side. The skewness (S) is evaluated using the
following equation:

S=E[(—=)], 3)

where u is the mean, ¢ is the standard deviation, L
is a random variable from Luma component and
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E is the expectation operator. For the emotion
classification, the skewness feature of the magni-
fied video is used to increase the discrimination
between similar emotions in the prototype vector.
For instance, happiness and surprise have huge
similarity in the mean and variance values.

The kurtosis measures how much a distribu-
tion is similar to the Gaussian distribution based
on the peaks of that distribution. If the kurtosis
has a positive result, it has more peaks than the
Gaussian distribution, while a negative one has
less peaks. The computation of the kurtosis (K)
is shown in Equation 4.

M4
Kl =4, (@)
where py is the fourth moment about the mean
and o is the standard deviation.

3.4.1 Descriptor Vector

In order to use the prototype variables and achieve
a descriptor vector for training an ANN, an in-
put vector is created containing the four values of
mean, variance, skewness and kurtosis. All these
prototype variables are normalized, with values
between [0, 1].

In the example shown in Table 1, it is possi-
ble to verify that each emotion for this person is
distinct when employing the descriptor vector de-
scribed above in support to classify the emotions.

3.5 Artificial Neural Network

In order to use the proposed descriptor vector
(Subsection 3.4) for emotion classification, an
ANN was trained with a reduced set of videos
where the expressed emotions are known.

Two types of ANNs were tested: Multilayer
Perceptron (MLP) and Self-Organizing Maps
(SOM), as described in (Haykin, 1998). The MLP
with a feed-forward network showed the best re-
sults.

The Multilayer Perceptron was trained with
the Levenberg-Marquardt algorithm (Yu and Wil-
amowski, 2011) and it has four layers. The first
layer carries the inputs descriptor vector to the
classifier, and no computation is realized here.
The first and the second hidden layers have at
least 100 neurons, while the fourth layer is the out-
put layer with only one neuron. With the excep-
tion of the input layer, the majority of the neurons
have hyperbolic tangent transfer functions. It was
already shown that feed-forward neural networks
with only one hidden layer can approximate arbi-
trarily well any function with a finite numbers of
discontinuities (Demuth et al., 1993). However,
exhaustive tests have shown that, in our experi-
ments, two hidden layers perform better.

In the training stage, the network outputs for
emotions classes were evaluated using an output
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H Values Mean Variance  Skewness  Kurtosis H
Anger 0.6671 0.1285 1 0.8591
Disgust 0 0.1344 0.0188 0.0346
Fear 0.9709 0.0394 0.2032 0.6035
Happiness  0.2937 0.4583 0.1962 0.6066
Sadness 0.9797 0.6001 0.2928 0.8056
Surprise 0.8718 0.1309 0.2362 0.7925

Table 1: Values of mean, variance, skewness and kurtosis from a person normalized.

range equally distributed between [—1,1], in ac-
cording to number of tested emotions. For ex-
ample, for six emotions classes, the output range
is as described in Equation 5, where o(T) is the
ANN output and T is the threshold of activation
function in the feed-forward algorithm.

Anger, if —1<T<-0.65
Disgust, if —0.65<7T < —-0.33
Fear, if —0.33<T7T <0
Happiness,if 0 < T <0.33
Sadness, if 0.33 < T <0.65
Surprise, if 0.65<7T <1

3.6 Classification using an Artificial Neural Net-
work

To validate the emotion classification, random
videos with the unlabeled emotion were used. The
descriptor vector of these videos was created and
used as input in the ANN, which recognize the
emotion.

The validation is made as a comparison be-
tween the real emotion in video and the recognized
emotion, generating a confusion matrix to deter-
mine the effectiveness of the proposed methodol-

ogy.
4 PRELIMINARY RESULTS

The proposed implementation has been evaluated
for a public emotion video dataset called e NTER-
FACE’05(Martin et al., 2006), composed of video
files from 44 subjects expressing 6 classes of emo-
tions defined by 5 different phrases for each emo-
tion: Anger, Happiness, Sadness, Fear, Surprise
and Disgust. The complete dataset is composed
of 1320 input videos.

The video content consists of a person speak-
ing a phrase related to an assigned emotion and
the execution time is around 10 seconds. In the
tests, the audio was discarded, but the back-
ground is unchanged. Samples from the used
video dataset are shown in Figure 3.

In the preliminary tests, four test scenarios to
emotion classification are proposed and evaluated
following the flowchart described in Figure 1. For
all scenarios, we are using the training/evaluation
strategy 70/30 (70% of whole dataset is used in
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ANN training and the remains 30% in evaluation
stage).

4.1 Scenario 1

The Scenario 1 is composed of two emotion classes,
picked randomly in a dataset. In order to evalu-
ate the efficiency of the algorithm, the confusion
matrix to Scenario 1 is described in Table 2.

H Emotion Detected  Surprise Fear H
Surprise 1 0
Fear 0 1

Table 2: Confusion matrix of the randomly picked
emotions Surprise and Fear in Scenario 1.

In despite of the simplicity of Scenario 1, the
confusion matrix in Table 2 showed that the ANN
was able to perform classification with no diffi-
culty.

4.2  Scenario 2

This scenario consists in three emotion classes,
also chosen randomly. The confusion matrix to
Scenario 2 is shown in Table 3.

H Emotion Detected Happiness Anger Fear H
Happiness 1 0 0
Anger 0.33 0.66 0
Fear 0 0 1

Table 3: Confusion matrix of the emotions Hap-
piness, Anger and Fear to Scenario 2.

For this scenario, the slight increase in com-
plexity with the addition of one emotion class re-
sulted in a grown difficulty of ANN when classify-
ing the emotions happiness and anger.

4.8 Scenario 8

Scenario 3 contains five emotions classes and the
resulting confusion matrix (Table 4) showed that
the discriminative capabilities of the ANN have
increased. The ANN was able to classify correctly
most of input videos, but the results are worse in
the case of emotions fear and anger. Even with an
increase in the number of layers and neurons, the
ANN configuration was not able to perform this
classification.
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Figure 3: Sample frames from videos of different emotions from the person 1.

After analyzing the video with these two emo-
tions classes, it was found that the main rea-
son for of the proposed approach classification
was that, after performing the video magnifica-
tion process, the resulting video generated a much
higher amount of noise, probably due to the high
motion and the low frame rate. This noise does
not allow the proposed descriptor vector to per-
form an appropriate classification.

4.4 Scenario 4

In Scenario 4, all emotions classes from the dataset
are used and the results are presented in the con-
fusion matrix in Table 5.

Evaluating the results shown in Table 5, from
obtained confusion matrix the classification capac-
ity of the artificial neural network has been com-
promised. In various tests, it was observed that
in according to the emotion class used as input,
the output would be a possible one up to six emo-
tions (see happiness classification results in Table
5). In these situations, it was observed that the
capability of generalization and accuracy, of the
input vector using only four variables in proposed
methodology would not be sufficient to achieve
good results.

5 Conclusions

In this paper, we presented an initial strategy to
recognize different emotions in a video using Eu-
lerian Video Magnification and ANNs. Based on
the achieved results, it is possible to confirm that
the proposed methodology can perform the clas-
sification in a restrict group of emotions (only six
classes).

It is possible to observe that some emotions
have a similar behavior, as Anger and Disgust,
hindering the classification. As well as there are
emotions that are completely different, as Anger
and Surprise, thus being easier to be classified.

Comparing the confusing matrix from all an-
alyzed people, it is notable that the algorithm
works better with videos from the same person
than with the videos from all the people together.
In our initial tests, that behavior was expected,
since different people express their emotions in dis-
tinct ways, even though they are saying the same
phrase.
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Future works towards an improvement of the
proposal include using a larger group of emotions
and more people to be tested, as well as to verify
other approaches as convolutional neural networks
(CNNs) in order to avoid issued related to an usual
ANNS.
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