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Facial expression recognition is the part of facial recognition that is gaining more importance
and its need increases enormously. The challenges include face identification and recognition,
suitable data representation, appropriate classification scheme, appropriate database, among
others.

Although there are methods to identify expressions using machine learning and artificial
Intelligence techniques, this work tries to use deep learning and image classification method to
recognize expressions and classify expressions according to images.

In this paper, we propose to implement a general convolutional neural network (CNN)
building framework for designing real-time CNNs. We validate models by creating a real-time
vision system that performs face detection and emotion classification tasks simultaneously in one
step using proposed CNN architecture.

Keywords: convolutional neural network, face detection, facial recognition, TensorFlow, deep
learning.

Introduction

The recognition of human expressions and emotions has caught the attention of
researchers, as the capability of recognizing expressions helps in human-computer interaction
[1], to right advertising campaigns, crowning with an augmented and enhanced human
communication.

There are many ways to inspect the recognition of human expressions, ranging from
facial expressions [2], body position, tone of voice [3], etc. Emotions can be expressed in many
different ways that may or may not be seen by the naked eye. Therefore, with the right tools,
any indication that precedes or follows them may be subject to detection and recognition. In
this article, we have focused on the recognition of facial expressions.

The application must be able to detect information only from the face of its user to
identify the emotional state. The correct interpretation of any of these elements using machine
learning techniques has turned out to be complicated due to the high variability of the samples
within each task. This carries models with millions of parameters trained under miles of
samples [4].

Furthermore, human precision to classify an image of a face into one of 7 different
emotions is 65% = 5% [5]. The difficulty of this task can be seen when trying to manually
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classify the images from the FER-2013 [5] data set in Fig. 1 into the following classes

{"angry", "disgust”, "fear", "happy", "sad ", "surprise"”, "neutral"}.

Fig. 1. Training data of FER2013. Each row consists of faces of the same expression: starting from the
first row: Angry, Disgust, Fear, Happy, Sad, Surprise and Neutral.

The most modern imaging-related tasks, such as image classification and object detection,
rely on convolutional neural networks (CNN). These tasks require CNN architectures with
millions of parameters; therefore, their deployment in low-performance platforms and real-time
systems becomes unfeasible. In this paper, we propose to implement a general CNN building
framework for designing real-time CNNs. The implementations have been validated in a real-
time facial expression system that provides face-detection and that achieves human-level
performance when classifying emotions.

Related works

In one of the most iconic works on emotion recognition by Paul Ekman [6], happiness,
sadness, anger, surprise, fear, and disgust were identified as the top six emotions (besides
neutral). Ekman later developed FACS using this concept, so he established the standard
setting for work on emotion recognition. Neutral was also included later, in most human
recognition data sets, resulting in seven basic emotions [6].

Earlier developments on emotion recognition rely on the traditional two-step machine
learning approach [19]. In the first step, some features are determined from the images, and in
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the second step, a classifier (such as SVM, neural network, or random forest) is used to detect
emotions. Some of the popular handmade features used for facial expression recognition
include Oriented Gradient Histogram (HOG) [7], local binary patterns (LBP) [8], Gabor
wavelets and Haar features [9]. A classifier would then assign the best emotion to the image.
These approaches seemed to work fine on simpler datasets, but with the advent of more

challenging datasets (which have more class variation), they started to show their limitation.
VGG16
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Fig. 2. VGGL16 - Convolutional Network for Classification and Detection.

The popular CNNs used for feature extraction include a set of fully connected layers at
the end. Fully connected layers often contain most of the parameters in a CNN. In particular,
VGG16 [10] contains approximately 90% of all its parameters in its last fully connected layers.
Figure 2 illustrates the complete architecture of VGG16 Model.

New architectures like Inception V3 [11], is shown in Fig. 3, reduced the number of
parameters in its last layers by including a Global Average Pooling operation. Global Average
Pooling reduces each feature map into a scalar value by taking the average of all the items on
the feature map. The average operation forces the neural network to select the global features
of the input image. Xception [12], a variant of an Inception module, is shown in Fig. 4. This
CNN architecture takes advantage of the combination of two of the most successful CNN
experimental assumptions: the use of residual modules and depth-wise separable convolutions
[13]. Depth-wise separable convolutions further reduce the number of parameters by separating
features extraction processes and combining features within a convolutional layer.

In addition, the modern model for the FER-2013 dataset is based on CNN trained with the
square hinged loss [14]. This model achieved an accuracy of 71% [15] using about 5 million
parameters. In this architecture, 98% of all parameters are located in the last fully connected
layers. The method using an ensemble of CNNs achieved an accuracy of 66% [15].
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Xception
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Fig. 4. Architecture of Xception.

All of the above models achieve significant improvements compare to the traditional on
emotion recognition, but there seems to be missing a simple piece for attending to the
important face regions for emotion recognition. In this work, we try to solve this problem, by
proposing a model based on the attention convolutional network, which is able to focus on
salient face regions.

Proposed model

During the development, we created two different test versions of the models. Both
versions were designed with the idea of creating the best accuracy with less number of
parameters. Reducing the number of parameters helps us overcoming major problems. The use
of a small CNN model divests us from slow performances and the reduction of parameters
provides a better generalization.

Our first model relies on the idea of avoidance completely fully connected layers. The
second architecture combines the removal of the fully connected layer and the inclusion of the
combined depth-wise separable convolutions and ResNet modules. We use separable
convolution blocks to replace the traditional convolution layer. Separable convolution usually
used to extract spatial correlation and channel correlation of residuals, to increase the signal to
noise ratio, and obviously improve accuracy.

Both architectures were trained with the Adam Optimization Algorithm [16]. We use this
popular algorithm in the field of deep learning because it achieves good results fast. Using
large models and datasets, we demonstrate Adam can efficiently solve practical deep learning



O. Kaskun, R. Shuvar, A. Prodyvus 43
ISSN 2224-087X. Electronics and information technologies. 2020. Issue 13

problems. For example, we found a comparison of Adam to Other Optimization Algorithms
Training a Multilayer Perceptron, this can be observed in Fig. 5.
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Fig. 5. Comparison of Adam to Other Optimization Algorithms Training a Multilayer Perceptron

According to the previous models, our first model used Global Average Pooling to
completely remove any fully connected layers. We reached it by having in the last
convolutional layer the same number of feature maps as number of classes, and applying a
softmax to every reduced feature map. Our first model is a typical fully convolutional neural
network composed of 9 convolution layers, ReLUs, Batch Normalization, and Global Average
Pooling. About 600,000 parameters are contained in this model. It was trained on the FER-
2013 dataset. Our first model achieved an accuracy of 66%.

Dataset FER2013: The Facial Expression Recognition 2013 (FER2013) database was
first introduced in the ICML 2013 Challenges in Representation Learning [17]. This dataset
contains 35,887 grayscale images of 48x48 resolution, most of which are taken in wild settings.
Originally the training set contained 28,709 images, and validation and test each includes 3,589
images. This database was created using the Google image search APl and automatically
registered faces. Faces are labeled to one of the following classes {“angry”, “disgust”, “fear”,
“happy”, “sad”, “surprise”, “neutral”’}. Compared to the other available datasets, FER has more
variation in the images, including face obstruction (mostly with hand), partial faces, low-
contrast images, and eyeglasses. Sample images from the FER dataset are shown in Fig. 1.

Our second model is inspired by Xception [12]. This model unify the use of residual
modules [18] and depth-wise separable convolutions [13]. Residual modules change the
desired mapping between two subsequent layers so that the learned features become the
difference between the original feature map and the desired features. Therefore, the desired
features G(x) are modified in order to solve an easier learning problem F(x) such that:
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G(X)=F(x)+x

When we deleted the last fully connected layer in the first proposed architecture, we
reduced the number of parameters by removing them from the convolutional layers. This was
done with using of depth-wise separable convolutions. Depth-wise separable convolutions are
composed of two different layers: depth-wise convolutions and pointwise convolutions. The
main goal of these layers is to separate the spatial cross-correlations from the channel cross-
correlation [12].

This was done by applying an SxS filter on every M input channels and after applying N
1x1xM convolution filters to mix the M input channels into N output channels. Applying
1x1xM convolutions combines every value in the feature map without considering their spatial
relation to the channel.

Depth-wise separable convolutions ease the computation with relation to the standard
convolutions by a factor of %Jré [13]. The visual difference between a normal convolution

layer and a depth-wise separable convolution can be observed in Fig. 6.
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Fig. 6. Comparison (a) standard convolutions and (b) depth-wise separable convolutions.

Our last model is a fully convolutional neural network that contains 4 residual depth-wise
separable convolutions where after every convolution follows a batch normalization operation
and a ReL.U activation function. In the last layer, we apply a global average pooling and a soft-
max activation function to make a prediction. In this model, we have approximately 60,000
parameters; which present a decrease of x10 when compared to our first implementation, and
~x80 when compared to the other classic CNN.

Our model is like cropped Xception, which can observe in Fig. 7. This model obtains an
accuracy of 66% for the emotion recognition task. Final model weights can be stored in a small
file, around 800 kilobytes.
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Fig. 7. Our model designed based on Xception.

Results

Results of the emotion recognition task on faces can be observed in Figure 8. In Figure 9 we show
the confusion matrix results of our emotion recognition model. We can observe some common
misclassifications such as predicting “angry” instead of “disgust” and predicting “sad” instead of “fear”.

We compared the learned features between some emotions and the result of both models can be observed
in Fig. 10.

Fig. 8. Results of the emotion classification
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Fig. 9. Normalized confusion matrix of our second proposed model of network.

(e)

Fig. 10. Every row in all sub-figures starting from the top corresponds in accordance with the emotions
“angry”, “happy”, “sad”, “surprise”. (a) Samples from the FER-2013; (b) Back-propagation visualization
of our final model; (c) Back-propagation visualization of our sequential fully CNN.

Also, we have deployed a visualization method to highlight the salient regions of face images which
are the most crucial parts thereof in detecting different facial expressions. The light areas in figure 8b
belong to the pixel values that activate a selected neuron in our last convolution layer. The selected
neurons were always selected in accordance with the highest level of activation. So, we can observe that
the network learned to get activated by considering features such as the eyebrows, the teeth, and the
widening of eyes and that every feature remains constant over the same class.

Results show that the neural network learned to interpret understandable human-like features, which
provide generalizable elements. Due to results, we understand some common misclassifications. For
example, person with glasses being classified as “angry”. This happens because features for class “angry”
are highly activated when the network considers a person is frowning, and these features get confused
with glass frames.
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In addition, we can observe that the features learned in our last model based on Xception are more
interpretable than the ones learned from sequential fully CNN. So using more parameters in our simple
implementations provides less robust features.

Conclusion

This paper proposes the new models for facial expression recognition using an attentional
convolutional network. We have proposed models that have been systematically built to reduce the
number of parameters, but with saving quality of classification. We started by eliminating completely the
fully connected layers and by reducing the number of parameters in the remaining convolutional layers
with depth-wise separable convolutions.

Also, we have developed a system that performs face detection and emotion recognition in a single
application. We are very close to human-level performance in our classification task.

Finally, we made a visualization of the learned features in our neural network using the guided
back-propagation visualization. This visualization shows us the high-level features learned by our models
and gives us the opportunity to discuss and compare their interpretability.
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Po3nizHaBaHHA eMOIiil - 1Ie YacTWHA PO3Mi3HaBaHHS OOIMYYs, sKa HaOyBae Bce OLIBIIOTO
3HAa4YeHHS, 1 moTpeda B Hid 3HAYHO 30UIBLIYETHCSA. 3aBAaHHA BKIIOYAE€ 3HAXODKEHHS Ta
po3mi3HaBaHHS O0JIMY, BiJIOBIIHE MMPEICTaBICHHS AaHUX, CXeMy Kiachdikamii, 6a3y maHUX I
MIPOBE/ICHHS HAaBUaHHS.

Ha BigMiHy Bix iCHylo4MX MeTOAiB igeHTHGiKkamii BUpas3iB 3a JOMOMOIOI0 MAIIMHHOTO
HaBYaHHSA Ta METOJIB LUTYYHOrO iHTENEKTy, y Liif poOOTi BUKOPHCTOBYEThCSA METO]] INTMOOKOTO
HaBYaHHs Ta Kiacudikanii 300pakeHb, 1100 PO3Mi3HATH Ta KJIacH(iKyBaTH BUpa3u oOnu4IYs Ha
300paKeHHI.

VY wmiit pobOTi MU MPONOHYEMO BIPOBAIWTU 3arajbHy CTPYKTYpY MOOYIOBH HEHPOHHOI
mepexi (CNN) mmst mpoextyBanHss CNN, Mo mparfoBaTEMe y PexXnMi peaigbHOro dacy. Mu
TECTYEMO MOJIENi, CTBOPIOIOYM CHCTeMy OadeHHs B peajbHOMY 4Yaci, sika BHKOHYE 3aBIaHHS
BUSIBJICHHsI 00OMMYYs Ta Kiacudikamii eMouiil 3a OAWH KPOK, BUKOPUCTOBYIOYH 3alpPONOHOBAHY
apxitektypy CNN. Po3pobnena apxiTektypa Oyna cucTeMaTHuHO NOOyIOBaHa, 3a/UIs TOTO, 1100
3MEHUINTH KiNbKICTh MapaMeTpiB, s I[bOTO BHUKOPHCTAaHA TEXHOJOTiSA TIIMOMHHOTO
posmopiseHHs 3ropTku. JlaHa apxiTekTypa 3MeHIIWIa KiTbKiCTh mapamerpiB y 80 pasiB B
HOPIBHSHHI 13 KIACHYHOIO apXiTEeKTypolo, ajle MpH LbOMY BigOyJIMCs BTpaTH IJIsl €MOLIii
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«Bigpasa». [lnsg HaBuaHHS HeHpoHHOI Mepexi BHKopHcTaHO 0a3zy nmammx FER2013, sxa
PO3IOBCIOKYETECS Ha Iatdopmi Kaggle.

HeoOxigHO 3ayBakHTH, [IO0 HEHpOHHA MepeXa NpOsBUIAa 3IaTHICTh AaKTHUBI3yBaTHUCH,
PO3IIIAga0uM Taki 0COOIMBOCTI, K HAsBHICTH 3y0iB Ha 300pakeHi, moyiokeHHs OpiB 1 oueil. Lleit
pe3yabpTaT 3aleBHSAE, LI0 Mepeka HaBUWJIacs pO3IMI3HABAaTH 3pO3YMisi  JIIOJMHONOMAIOHI
0CcOo0IMBOCTI, sIKi 320€3MeUyI0Th BU3HAUCHHS eMOIIi.

B pesynbrati TecTyBaHHS CTaIM 3pO3yMiMi KijbKa MOMIMPEHUX IOMIIOK, HAPUKIIA] 0COOU B
OKYJIsIpax KIacU(iKYIOThCS SIK «cepauTi». Lle BimOyBaeThes yepe3 Te MO TEMHI PaMKH OKYJIp,
BKa3yIOTh MEpEeXi IO JIOMHA XMYPHUTBCS, a JJaHa OCOOJMBICTH € OJHOIO 3 OCHOBHHX O3HaK
eMOIIiT «37ICThY. Y CIIIIHICTh BA3HAYCHHS eMOIIii piBHA 66%, 1110 € TOBOJII BUCOKHUM MOKa3HUKOM
JUTS 337524 JaHOT'O THITY.

Kniouosi cnosa: 3ropTKoBa HEHpPOHHA MepeXka, 3HAXOMKEHHS OOIMYUs, PO3Mi3HABaHHSI
00muuus, TensorFlow, rmuboke HaBuaHHS
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