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ABSTRACT

Facial expression recognition has a crucial role in communication. Computerized facial expression
recognition systems have been developed for many purposes. People's faces can have occlusions
because of scarves, facial masks, etc. in cases such as cold weather conditions or Covid-19 pandemic
conditions. In this case, facial expression recognition can be challenging for automated systems. This
study classifies facial images containing only the eyebrow and eye regions over six expressions with a
deep learning-based approach. For this purpose, Radboud Face Database images have been used after
cropping the area that includes eye and eyebrow regions. Some popular pre-trained networks have
been trained and tested using the transfer learning approach. The Vgg19 pre-trained network achieved
91.33% accuracy over the six universal facial expressions. The experiments show that automated
facial expression recognition can be applied with high performance by looking at the region
containing eyes and eyebrows.

Keywords: Convolutional Neural Networks, Deep Learning, Facial Expression Recognition, Transfer
Learning

1. INTRODUCTION

Facial expressions are produced by different contraction and relaxation of facial muscles. Human
facial expressions are important for social communications. According to [1], in face-to-face
communication, 7% of the message is transmitted by words, 38% by tone of voice, and 55% by body
language. Facial expressions are also a type of body language.

Owing to technological developments, cameras became a part of our daily lives. Thus, facial
expressions have been started to use in many fields. Facial expressions are essential for decision-
making systems like criminal detection, patient follow-up, and driver attention monitoring. Although
facial expressions are detected by the human brain effortlessly, it is pretty hard to detect for a
machine. Particularly, a person’s image with the same facial expression can show differences in the
analysis due to brightness, background, etc. [2]. Also, there may be occlusions on human faces
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because of some type of cloth like scarves, face masks, etc. Therefore, with the advances in computer
vision, detecting facial expressions in a computerized manner has become a popular topic.

Detecting facial expressions using automated systems is one of the important topics of computer
vision. Some areas that use automated facial expression recognition (FER) are avatar animation [3],
medical applications [4], robotics [5], traffic [6][7], smart environments [8], human-computer
interaction [9][10]. There are six universal facial expressions: anger, disgust, fear, happiness, sadness,
and surprise. These expressions were identified by Ekman and Friesen [11]. The FER studies in the
literature are generally based on these six expressions.

Recently, because of Covid-19 pandemic, people have used face masks. According to WHO reports,
using a medical face mask can decrease the spread of disease. Currently, using medial face mask is
mandatory in many countries. Face masks create facial occlusion on the human face. Thus,
recognition of these people's facial expressions with mask becomes very hard.

The main motivation of the study is detecting the facial expressions for occlusion situations such as
wearing a scarf or face mask. In this paper, a deep transfer learning-based FER system that works on
partial face images is presented. The system detects facial expressions using just the top part of the
face. In the context of the study, firstly, the face images have been prepared to include just the upper
part of the face using the pre-processing methods. Then the system has been trained with different
pretrained convolutional neural networks (CNN). During this stage, each network used the top part of
the face as input and produced prediction label of the facial expression. The main contributions of this
paper can be summarized as follows.

(1) The proposed approach uses just the top part of the face for FER. Therefore, it is robust to bottom
face occlusions and motion.

(2) Using a large input image size in the input layer in the deep learning systems requires large
memory and increases training and testing time. As the proposed approach uses the top part of the face
image it requires a small input image size. Therefore, these disadvantages have been prevented.

In the literature, automated FER studies are examined in three main methods [12], [13]. These are
geometric-based, appearance-based, and action unit (AU)-based approaches.

In the geometric-based analysis, face shape is examined. For example, in [14] the facial expressions
were classified using the distances and angles between facial components using facial landmarks.

Appearance-based approaches examine features of the facial texture. For example, Saurav et al. [15]
introduced several techniques that make use of dynamic local ternary patterns. In their work they
applied kernel extreme learning machine classifier. Igbal et al. [16] proposed neighborhood-aware
edge directional pattern which is a local descriptor. Dagher et al. [17] presented a three-stage support
vector machine (SVM) for FER. Ali et al. [18] proposed a new method that uses Rectangular HOG
feature extractor with Label-Consistent KSVD classifier.

In AU-based approach, the facial muscles movements are identified using a system. This system is
called the Facial Action Coding System (FACS) [19]. Morales-Vargas et al. [20] introduced a model
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that recognizes facial expressions in terms of facial movements with the help of appearance features.
They get help from the fuzzy models.

Also, Deep Learning approaches have shown outstanding performance in automated facial expression
studies recently. For example, Jin et al. [21] introduced a small and effective deep network for FER
named MiniExpNet. Their method is based on local facial regions. Fan et al. [22] introduced a new
CNN namely hierarchical scale convolutional neural network (HSNet). Their approach enhances the
information extracted from the network, kernel, and knowledge scale. Saurav et al. [23] presented
CNNV3 approach. They used the approach in an intelligent embedded system that is developed to
help visually impaired people. The system is a vision-based and deep-learning inspired system that
performs haptic rendering of facial emotions. Happy et al. [24] introduced multi-face multi-part
model. Their model makes use the information from part-based data augmentation. The facial parts
which they used for training were obtained from different face samples of the same expression class.
Jin et al. [25] proposed a discriminative deep association learning framework. In [26], Happy et al.
proposed a weakly supervised learning approach. In their approach, they first train CNN with label
smoothing. They do this in a supervised manner. Then, they adjust the weights simultaneously with
labelled and unlabeled data. Luh et al. [27] utilized YOLOV3 to solve FER problem.

2. METHODOLOGY

The proposed system uses facial images as input, and it produces facial expression labels using just
the eyes and eyebrows region of the face. For this purpose, first, just the eyes and eyebrows part of the
facial images are cropped using the pre-processing methods. Then, using the deep transfer learning
method, the facial expressions are classified. Different pre-trained networks have been used for this
purpose and results have been compared. The system’s pipeline is shown in Figure 1.

cropping .
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pretrained network
Figure 1. Proposed pipeline.
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2.1 CNN

The feature extraction phase required in classical machine learning methods is a challenging process.
Because experts must determine the features that affect the solution of a problem. This a very time-
consuming process. On the contrary, deep learning processes raw data without feature extraction
phase. Therefore, deep learning has eliminated the problems in feature extraction.

CNN consists of a combination of layers. These layers are input, convolution, pooling, activation,
dropout, fully connected, and classification layer. In the convolution layer, the filters move over the
image and perform the convolution operation. Feature maps are created by mapping the features
revealed by each filter. The mathematical model of the convolution is shown in Eq. 1 [28].

SG ) = I+ K)i,j) = ZZz(i +m,j +m)K(m,n) 1)

In the equation, S, I, and K represent the output, the input image, and the kernel respectively. Asterisk
(*) is the convolution operation.

In the pooling layer, the input size is reduced in width and height. There is no change in depth.
Pooling is not a mandatory layer. It may or may not be used according to the design.

In [18], it has been shown that CNNs using a nonlinear activation function like Relu are trained more
quickly. Therefore, in this paper, Relu is used as the activation function. The mathematical model of
Relu is shown in Eq. 2 [28].

f(x) = max(0,x) @

In the dropout layer, some nodes of the network are removed to prevent the network from being
dependent on a particular neuron. The fully connected layer is dependent on all fields of the previous
layer. Softmax converts the predictions to positive values. Also, the softmax applies normalization to
get a probability distribution of classes. The mathematical model of softmax is shown in Eq. 3 [28].

exp (x;)
n

softmax(x); = o———
¢ Ty exp(x;)

®)

In the equation, x; represents the input of softmax, and it is obtained from the fully connected layer.

The last layer is the classification layer. The number of the output of the classification layer is equal to
the number of classes.

In the literature, the performance of classification problems is usually measured by accuracy. Since
facial expressions are classified in this study, the performance has been measured with accuracy and
comparisons have been made on this metric. The accuracy formula is given in Eq. 4.

| (TP + TN) @
CUTACY = TP + TN + FN + FP)
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In the equation, TP represents true positives, TN represents true negatives, FN represents false
negatives, and FP represents false positives.

2.2. Pre-trained Networks

From the network design and training viewpoint, two different approaches can be used in deep
learning. The first one is to design and train a novel network from scratch. The second one is to get
help from existing networks that are already trained. These networks are called pre-trained networks.
The second approach is called transfer learning. Providing more accurate results with fewer data is
one of the advantages of transfer learning. In addition, training a network using random weights is
slower than transfer learning. Transfer learning allows the quick transfer of features. Therefore, new
deep learning tasks can be achieved using fewer images in training phase.

In this study, nine different pre-trained networks have been used for FER on partial face images tasks.
All of them were trained on the ImageNet database [29]. These networks were trained using over a
million images. The networks can classify images into 1000 categories like the variety of animals,
mouse, pencil, etc. Thus, the networks have robust feature representations for different images. An
explanation of these networks is given below.

Nasnetmobile [30] has been introduced by Google. Its size is 20 MB, it has 5.3x10° parameters. It
uses 224x224 sized input images. Shufflenet [31] is a CNN structure which is built especially for
mobile devices with limited computing power. This network uses two new approaches to reduce
computational costs. These approaches are pointwise group convolution and channel shuffle. Its size
is 5.4 MB. It has 1.4x10° parameters and uses 224x224 sized input images. Googlenet [32] is a 22
layers deep learning network that is developed by Google researchers. Its size is 5.4 MB. It has
7.0x10° parameters. Its default input size is 224x224. Mobilenetv2 [33] is a CNN structure that was
developed especially for mobile devices. Its architecture includes the initial fully convolution layer
with 32 filters, followed by 19 residual bottleneck layers. Its size is 13 MB. It has 3.5x10° parameters.
Resnet50 [34] is a convolutional neural network that has 50 layers. It uses residual blocks to improve
the accuracy. There is “skip connections” concept at the core of the residual blocks. This is the
strength of resnet50. Its size is 96 MB, and it has 25.6x10° parameters. Its input size is 224x224. The
main approach for densenet201 [35] is the connections between the network layers. Its size is 77MB,
it has 201 layers and 20x10° parameters. Alexnet [36] is a classic CNN architecture. In alexnet,
grouped convolutions are designed for fitting the model across two GPUs. Its size is 227 MB, and it
has 61x10° parameters. Vgg [37] has different versions. In this study both 16 depth and 19 depth
version have been used. Vgg16 has 138x10° parameters and vggl9 has 144 x106 parameters. These
models use 224x224 sized input images.

In this study, first, the last two layers of the pre-trained networks (fully connected layers and
classification layers) have been modified for six classes. Then, they have been re-trained using the eye
and eyebrow parts of the facial images.

3. EXPERIMENTAL RESULTS

In this study, the learning rate has been determined as 0.0001 for densenet201, googlenet,

mobilenetv2, nasnetmobile, resnet50, shufflenet, vggl6 and vggl9. Alexnet doesn't work with 0.0001.
Thus 0.001 is used as the learning rate for alexnet. Also, the optimizer is sgdm, learn rate drop factor
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is 0.2, learn rate drop period is 5, the momentum is 0.9, the mini batch size is 8, validation frequency
is 3 for all pre-trained networks. Each network has been trained using 50 epochs.

3.1. Dataset and Preprocessing

The Radboud Faces Database (RaFD) [38] was used in both training and testing phase in this study.
The dataset contains whole face images of 67 people, including children and adults. The dataset
includes three different gaze directions of people. These are looking left, looking frontal, looking
right. In this study, the frontal faces are used for this task. There are eight expressions in RaFD. The
facial expression recognition studies often investigate six main expressions. These are anger, disgust,
fear, happiness, sadness and surprise. These expressions were defined in the early works of Ekman
and Friesen [11]. The images used in this study have six universal facial expressions with different
gaze directions (Figure 2). 1206 images were used in this study. 844 images were used for training
and the rest of the images were used for testing.

As mentioned earlier, this study uses the upper part of the face for facial expression recognition.
Therefore, the upper part of the face must be cropped from the raw image. For this purpose, firstly, the
face keypoints were localized on the face images using Face++ toolkit [39]. This step is shown in
Figure 1. In this phase, 83 facial keypoints were localized for each face image. Then the region
between left and right contours of the face which have the same x-axis as the midpoint of the nose
were cropped horizontally. Vertically, the bottom point is considered the nose midpoint. The vertical
top point was determined using the equation of horizontal area/vertical area = 0.2. In cropped
region 0.2 is determined experimentally. Since the wrinkles on the forehead are also a critical
determinant in some facial expressions, these regions are especially included in the cropped image.

3.2. Comparative Results

In the proposed study, nine pre-trained networks have been restructured for image classification task
and their performance have been compared in terms of accuracy. The comparison table is given in
Table 2. As can be seen in the table, the best result obtained using vggl19 as 91.33%. VVgg16 is second
behind it as 88.33%. It can be seen that vggl9 and vggl6 have the greater parameters compared to
other networks. This success rate can be explained by the number of parameters. Although shufflenet's
number of the parameter is less than nasnetmobile, its performance is better than nasnetmobile.

a%aslaf
Figure 2. Sample images from the dataset for six expressions and three gaze directions ((a) anger, (b)
disgust, (c) fear, (d) happy, (e) sad, (f) surprise, (g) looking frontal, (h) looking right, (i) looking left)
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Table 2. Recognition accuracies using different pre-trained networks.

Pretrained network  Accuracy (%0)

nasnetmobile 67.67
shufflenet 81.67
googlenet 82.00
mobilenetv2 82.00
resnet50 84.00
densenet201 85.67
alexnet 87.33
vggl6 88.33
vggl9 91.33

The confusion matrix of the vggl9 network that shows the best accuracy is given in Figure 3. As can
be seen in the figure, sad expression is predicted as 100% success rate by the system. The system
sometimes confuses surprise and fear expressions. When the sample images given in Figure 2 are
examined, it can be seen that the eyes are more open than normal in both expressions. This may cause
confusion.

The proposed approach has been compared to the other studies that use the same RaFD database. The
comparison results are shown in Table 3. In the literature, the studies mostly used the whole face.
Although the proposed study produced lower results than studies using whole faces, its performance is
quite close to them using a small part of the face. In [40], five facial expressions were classified using
partial faces. Our study produced a result close to that, despite the classification of six expressions in
our study.

True Class

Predicted Class

Figure 3. Confusion matrix of vgg19 (1: angry, 2: disgust, 3: fear, 4: happy, 5: sad, 6: surprise).

Table 3. Comparison with the studies used RaFD.

Study #Expression ~ Whole/partial face  Accuracy
Oztel at al. [40] 5 whole 94.07
Nayak at al. [41] 6 whole 95.60
Ali at al. [18] 6 whole 98.80
Oztel at al. [40] 5 partial 92.59
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Proposed approach with vggl9 6 partial 91.33

4. CONCLUSION

WHO recommends wearing a face mask to reduce the spread of Covid-19. In this case, an important
part of the face for facial expression recognition is closed. Also, lower part of the face can be occluded
some reasons such as wearing a scarf. In these case, facial expressions must be detected using only the
eyes and eyebrows area. This is a challenging problem for machine learning. With this motivation, our
study proposes a deep transfer learning-based approach for partial face. The system just uses upper
part of the face for predicting facial expression. For this purpose, database images have been cropped
to include just upper part of the face. Then the proposed system has been trained using nine different
pre-trained networks and the results were compared. The vggl9 network produced the best result as
91.33%. The best score obtained for sad expression as 100%. Happy and disgust expression detected
as 98%. The system sometimes confused surprise and fear expressions. This situation has been
interpreted with images in the study. The study was also compared with other studies that use the
same database in the literature and produced comparable results.

The proposed system can be useful for using facial expressions in situations where facial movement is
active such as speaking, and in cases of occlusions due to scarf, mask, etc. It is planned to expand the
same work for real time in the near future.
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