ON volume 5, Nomor 1, September 2023
e-ISSN 2685-998X
DOI 10.30865/json.v5i1.6768

ﬁ Journal Sigtom Komputer dan Informatiga (JSON) Hal: 102-111

Facial Expression Recognition inCovid-19 Pandemic EraUsing 2 Stage
Convolutional Neural Network

Kevin Kurniawan”, Lili Ayu Wulandhari, Antonius Rildo Pramudya Gondosiswojo

Computer Science Department, Master of Computer Science, BINUS Graduate Program, Bina Nusantara University, Jakarta,
Indonesia
Email: *"kevin.kurniawan004@binus.ac.id, 2lili.wulandhari@binus.ac.id, 2antonius.gondosiswojo@binus.ac.id
Corresponding Author Email: kevin.kurniawan004@binus.ac.id
Submitted: 07/09/2023; Accepted: 28/09/2023; Published: 29/09/2023

Abstract-In the Covid-19 pandemic era, the use of face mask has become mandatory for all citizens to prevent the spread of
the virus. This regulation has becomes a big problem for the Facial Expression Recognitions (FER) applications because face
mask cover more than halfof human faces. Starting from this problem, this experiment attemps to produce a robust network
which can perform well in both conditions: recognizing expressions with and without a face mask. Dataset used in this
experiment is FER2013, with a preprocessing step to produce a FER2013 masked. This research uses 2-stage network, where
the first network is used to recognize whether the subject is wearing a mask or not, and then the second network is used to
recognize the expression based on the result from the first stage. The network in this experiment is based on Convolutional
Neural Network (CNN), with Imagenet as our pretrainedmodel and EfficientNet as our architecture model.Ourproposed model
has shown quite good performance in recognizing expressions, even when the data consists of subjects who use and do not use
masks with an accuracy of 57.55%.

Keyword: Pandemic Era; Covid-19; Facial Expression Recognition; Face Mask; Occlusion; Convolutional Neural
Network

1. INTRODUCTION

Machine learning is one of the most popular areas of digitalization at the moment. Machine learning allows systems
to perform tasks that were previously only possible for humans. One of the interesting topics from the field of
machine learning is Facial Expression Recognition (FER). FER has become increasingly popular in recent years
due to its many applications in everyday life, such as market research, in-depth interviews, and more[1][2].

Due to its many applications in everyday life, many researchers have conducted various studies on this
topic. Research related to facial expression recognition has been conducted by Minaee et al., whoused the FER2013
dataset and compared Aff-Wild2(VGG Backbone), Attentional Convolutional Network (ACN), GoogleNet,
etcTheir experiment concluded that the Aff-Wild2(VGG Backbone) method is the best solution for facial
expression recognition without mask, with an accuracy of 75%. The second-best method was Attentional
Convolutional Network (ACN), with an accuracy of 70.02%[3][4][5]. Another study was conducted by Luan et
al. (2022), who used the FER2013 dataset and compared MaskingBlock& ResNet34 (their proposed solution),
CBAM_ResNet50, and ResNet152. Their experiment concluded that MaskingBlock with ResNet34 performed the
best, with an accuracy of 74.14%. CBAM_ResNet50 achieved an accuracy of 73.39%, and ResNet152 achieved
an accuracy of 73.22%[6]. From those experiments, we knew that state-of-the-art (SOTA) of FER field is already
quite good, with accuracy up to 75% with the FER2013 scenario[7].

But in everyday life, there are various challenges to be able to build an efficient FER model. One of them
is if there is occlusion at the face area. Face mask is one of the common examples of occlusion and become a big
challenge for FER because more than half of human faces are covered by masks. This is further strengthened by
the existence of government policies that requires the use of masks in Covid19 pandemic era. Figure 1 shows a
map of the distribution of Covid19 until April 2022[8].

Peta Sebaran Kasus Per Provinsi

The problem of facial expression recognition with face masks has been realized by researchers, as well as
the possibility of future pandemics like COVID-19. Based on the results of research conducted by Minaee et al.
(2020) titled "Deep-Emotion: Facial Expression Recognition Using Attentional Convolutional Network," it can be
concluded that a lot of information is needed to accurately recognize facial expressions, including the region of
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interest around the eyes, mouth, and nose. Figure 2 shows the region of interest obtained from the results of this
research[3][9].
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Figure 2. Region Interest of Facial Expression [3]

Based on the region of interest above, if the subject has face mask at the face area, then that will become a
big problem to recognize expression. Especially for expressions that depend on the area of the nose down, for
example expressions like fear, happy, surprised, and disgust. There are several studies that have begun to focus on
this problem. Among them is the research conducted by Yang et al, where the experiment used the LFW dataset.
Where the purpose of this experiment is to be able to recognize someone's facial expressions when the subject is
wearing a mask. Emotions that are recognized only consist of 3 basic human emotions, namely positive, negative,
and neutral. This experiment compares mobile net with vggl9. The results obtained show that mobile net has
greater accuracy than vggl9 with an accuracy of 79.09%[10]. But keep in mind that this experiment only
recognizes 3 basic human expressions. The other experiment established by Castellano et al., where in this
experiment using FER2013 which was preprocessed to crop the nose down. This is done to be able to simulate as
if the subject is wearing a mask, where the mask area is not required to analyze the expression. The architecture
used in this experiment is CNN. The results of this experiment show that the difficulty level of being able to
perform expression recognition when using a mask is still very difficult, as evidenced by the accuracy results
obtained of only 43%.Where the model is completely unable to classify disgust expressions[11]. From those
experiments, we can conclude that use of mask is really become a big challenge for FER field.

Starting from this problem, this experiment attemps to produce a robust network which can perform well
in both conditions: recognizing expressions with and without a face mask.This experiment used the FER2013
dataset, which consists of 7 labeled emotions with up to 28,709 training images and 7,178 test images. We used the
FER2013 dataset to generate a FER2013 masked version dataset. From the preprocessing step, we achieved 11,708
training images and 4,962 test images. After that, our proposed method tried to construct a robust model to achieve
our goal, which approach consists of 3 deep learning models: Masked/Unmasked Model, FER Masked Model, and
FER Unmasked Model. We built 3 models to be able to narrow the region of interest in the model analysis so that it
can provide good accuracy results in accordance with the conditions of each model specialization.

2. RESEARCH METHODOLOGY

This section would try to provide detail methodology and step by step of this experiment, from detail dataset used,
preprocessing step, until our proposed architecture model and its comparation scenario.

2.1 Dataset Preprocessing

The FER2013 dataset consists of subjects, which each data already have an expression label . But the problem is
there is no data for masked images. So to produce FER2013 mask version dataset, we use modeling results from
Ageel Anwar named MaskTheFace[12].First of all, Ageel Anwar's team prepared 3 pictures of masks from
different angles. Then the subject of the image will be detected related to its face landmarks, where the dataset
used is VGGFace2. After that the system will estimate the area where the mask will be affixed using the facenet
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architecture. Finally, the mask image that has been prepared will be pasted in the area that has been estimated as
the nose down area. In our experiment, we immediately implemented the model developed by the Ageel Anwar
team with the FER2013 dataset.Figure 4 explains how to produce FER2013 mask version[13], [14].

Preprocessing Data
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Figure 3. Step Preprocess FER2013 Dataset

Figure 3 shows an example result of the preprocessed FER2013 Masked version dataset. Data generated by
this step is used to construct both for Preprocessed FER2013 Masked version Dataset and FER2013 Masked
&UnMasked Dataset.
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Figure 4. Result Preprocess FER2013 Dataset
2.2 Dataset

The dataset that will be used in this experiment is taken from a public dataset, namely the FER2013 dataset.
However, because this dataset only consists of subject images without using a mask, then the data will be
preprocessed first which already explained in section 2.1. Dataset used consist of 3 set of data:
1) FER2013 Masked &UnMasked Dataset
This dataset is used for the 1st stage model to identify object use mask or not. The dataset used here is a
combination of the FER2013 dataset and the preprocessed FER2013 dataset which using a mask. Then the
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results are reduced so that dataset become balanced between classes. Table 1 shows the quantity of each class

of FER2013 Masked &UnMasked Dataset.

Table 1. FER2013 Masked &UnMasked Dataset Proportion

Class %Train  %Test
Masked 50%  50.18%
UnMasked 50%  49.82%
Total 100% 100%

2) FER2013 UnMasked Dataset

This dataset is used for the 2nd stage modelto recognize expressions for unmasked data. This dataset is the
original version of FER2013 dataset. Table 2 shows the proportion of each class.

Table 2. FER2013 UnMasked Dataset Proportion

Class
Angry
Disgust
Fear
Happy
Neutral
Sad
Surprise
Total

%Train
13.91%
1.51%
14.27%
25.13%
17.29%
16.82%
11.04%
100%

%Test
13.34%
1.54%
14.26%
24.71%
17.17%
17.37%
11.57%
100%

3) FER2013 Masked Dataset

This dataset is used for the 2nd stage modelto recognize expressions for masked data. This data is generated
by a preprocessed step to add a mask to the FER2013 dataset. Table 3 shows the quantity of each class.

Table 3. FER2013 Masked Dataset Proportion

Class %Train  %Test
Angry 9.26%  12.93%
Disgust 2.91% 1.73%
Fear 9%  13.01%
Happy 25.87%  27.83%
Neutral 22.14%  18.76%
Sad 12.35%  13.40%
Surprise 18.44%  12.31%
Total 100% 100%

2.3 Proposed Model

Model proposed in this experiment using 2 stage network,which is Mask/UnMasked Classifier & FER Classifier.
Both stage networks are CNN based. The first model used to detect expressions without using a mask and the
second model used to detect expressions when the subject is wearing a mask[15], [16]. The following is an

explanation of each stage used :
1) First Stage:Mask/UnMasked Classifier

This model used to classify subjects whether using masks or not. If the subject is usinga mask, then the system
will pass this data to the FER2013_Mask classifier, else it will pass to FER2013_UnMask classifier. Model
used here using imagenet architecture and EfficientNet-BO0 as a pre-trained model. Figure 5 shows how this

experiment achieves this first stage model.

Figure 5. Mask/UnMask Step by Step Model
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As seen in figure 5, we first prepared FER2013 Masked &UnMasked as our dataset (section 2.2 point 1). After
that we applied a greyscale process to ensure the color factor did not affect the mask detection process. As seen
in figure 4, the mask used is blue, whereas the FER2013 dataset only consists of black and white. After that
we do label encoding and start the model training process. In the experiments carried out, we used imagenet as
the pretrained model and efficientnet as the model architecture. After going through the feature extraction and
dropout layers, the data will be classified using a neural network layer. The parameters that we tune include
hyper parameter tuning, freeze unfreeze layer, optimizer layer, architecture model.

Second Stage:FER Classifier

This stage consists of 2 networks, one to classify FER with mask, another for classify FER without mask.
Those networks were neededbecause the region of interest between data mask and without mask is different.
Model used here using EfficientNetV2-B3 as pretrained model as architecture, and imagenet as pretrained
model. Figure 6 and 7 shows how this experiment achieves this second stage model: FER UnMask& FER
Mask Model[17], [18].
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Figure 6. FER UnMask Step by Step Model
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Figure 7. FER Mask Step by Step Model

As shown in figure 6 and figure 7, first we prepare a dataset to be used in the model creation process according
to the purpose of each model. Figure 6 describes the process of forming the FER model for detecting
expressions when not using a mask, therefore the dataset used is the original version of FER2013 (section 2.2
point 2). While for the process of forming the FER model using masks as reflected in Figure 7, the dataset used
is used is the FER2013 version using a mask (section 2.2 point 3). After that, the difference in the modeling
process lies in the implementation of greyscale in the FER Masked version to ensure that the color factor does
not affect the facial expression detection process. After that we did label encoding and started the model
training process. In the experiments, we used imagenet as the pretrained model and efficientnet as the model
architecture. After going through the feature extraction and dropout layers, the data will be classified using a
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dense layer. The parameters that we tune include hyper parameter tuning, freeze unfreeze layer, optimizer
layer, architecture model.

3) Ensemble Model (Proposed Model)
After get best model for each scenario, then we try to assembled model to produce our proposedarchitecture.
Figure 8 shows detail our proposed architecture model.

Classifier Model

2nd Stage

ves Neutral

Neural
Network (Masked)

1st Stage

Dataset
FER2013

Datasel

Preprocessed

Convolutional Neural
Network (UnMasked)

Figure 8. Proposed Architecture

As can be seen in Figure 8, the ensemble process is carried out by applying the first stage to detect whether the
subject is wearing a mask or not. This model that will decide the FER process will be carried out by the FER
Mask or FER UnMask model in the second stage process. This process is carried out so that the region of
interest observed by the model can be right in the area that really needs to be observed. This idea aims to ensure
that the entire model maintains its accuracy and effectiveness.

2.4 Comparation Model: Highest Probability Model

As previously explained, the final goal of this experiment is to find a combination of models that have good model
performance with a good level of effectiveness. The effectiveness in question is how much the level of
computational complexity will certainly affect the required computational time. Therefore, we try to create a
scenario where the model we propose will be compared with a comparison scheme which we call the highest
probability model[19], [20]. Which is the same as the proposed model, this scheme will use the best model from
each FER scenario, namely FER Mask & FER UnMask (section 2.3 point 2). We do not use the first stage of the
proposed model. The two FER models will run for each data, and then from the probability matrix produced by
the two models, we will take the highest probability value for determining the decision on the expression being
recognized. Figure 9 shows the scheme of the highest priority model used as a comparison model[21], [22].
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Figure 9. Highest Probability Architecture

3. RESULTS AND DISCUSSION

In this experiment, we use 2 phases of experiments. Phase 1 tries to get the best model for each scenario. The first
scenario is used to detect the use of the mask and the second scenario to do FER with mask and FER without mask.
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Then Phase 2 tries to combine best model from phase 1 to build our proposed model and our comparison model.
Detail explanation about those phases can be found at section 4.1 and 4.2.

3.1 Phase 1 — Best Model of Each Scenario

As described before, this experiment will produce 3 best models for each scenario to construct 2 stage network
FER model. Those models are mask/unmasked model, FER UnMasked Model, and FER Masked Model. The
following is a complete description of the best model results obtained from each scenario:
1) CNN Model to Classify Mask or Unmask
This model is used to identify object data using a mask or not. As described before, we use imagenet as our
architecture and EfficientNetB0 as our pretrained model. As a result, we get 99.85% accuracy. The result
from this model will decide whether objects going to classify use FER with mask model or FER without
mask model in our proposed model. Table 4 shows the result summary from the model and Table 5 shows
the confusion matrix from this model.

Table 4. Detail Result of Masked/UnMasked Model

Expression Precision Recall F1-Score
Masked 100% 99.87% 99.93%
UnMasked 99.87% 100% 99.93%

Table 5. Confusion Matrix Masked/UnMasked Model

Actual\predicted  Masked  Unmask
Masked 1603 2
Unmask 2 1591

2) CNN Model to Classify Expression Mask
This model is used to classify expressions when objects are using Mask. As described before, we use imagenet
as our architecture and EfficienetVV2-B3 as our pretrained model. We also compare with some architecture and
optimizer models shown at Table 6.

Table 6. FER Model Mask Comparison

Architecture Optimizer Accuracy  F1-Score
EfficientNetV2-B3 Adam 57.82% 52.30%
EfficientNet-B0 Adam 54.78% 52.64%
EfficientNet-B0 SGD 48.35% 40.57%
EfficientNetV2-B2 Adam 53.79% 50.06%

As we see in table 6, the best configuration for FER mask classification is with our proposed method using
EfficientNetVV2-B3 for our architecture and Adam Optimizer with 57.82% accuracy. Table 7 shows detail
precision, recall, and F1-Score for each expression (class).

Table 7. Detail Result of FER Mask Model

Expression Precision Recall  F1-Score
angry 51.06% 41.12% 45.56%
disgust 48.42% 53.49% 50.83%
fear 54.26% 24.61% 33.87%
happy 72.05% 76.18% 74.06%
neutral 47.70% 71.32% 57.17%
sad 47.49% 27.07% 34.48%
surprise 61.01% 82.49% 70.15%

3) CNN Model to Classify Expression Unmask
This model is used to classify expressions when an object is not using a mask. As described before we propose
imagenet as our architecture and EfficienetV2-B3 as our pretrained model. We also compare with some
architectures and optimizers shown at table 8.

Table 8. FER Model Without Mask Comparison

Architecture Optimizer Accuracy  F1-Score
EfficientNetV2-B3 Adam 68.08% 65.63%
EfficientNet-B0 Adam 65.31% 63.34%
EfficientNet-B0 SGD 63.15% 57.75%
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As we see in table 6, the best configuration for FER without mask classification is with our proposed method
using EfficientNetV2-B3 for our architecture and Adam Optimizer with 68.08% accuracy. Table 9 shows detail
precision, recall, and F1-Score for each expression.

Table 9. Detail Result of FER Without Mask Model

Expression  Precision Recall F1-Score
angry 52.27% 70.88% 60.17%
disgust 65.26% 55.86% 60.19%
fear 62.83% 45.90% 53.05%
happy 84.89% 88.39% 86.61%
neutral 62.04% 64.56% 63.28%
sad 58.90% 50.44% 54.34%
surprise 81.50% 82.19% 81.85%

3.2 Phase 2 — Assembled Model (Proposed Model vs Highest Probability Model)

In phase 2 we try to compare each scenario when data is assembled between masked & unmasked. Phase 2

experiment try to compare our proposed model with the comparison model namely highest probability model.

1) CNN Model to Classify Expression from Highest Probability Recognition
In this scenario, we do a test for the model scheme where the 2 best models from phase 1, Masked Model
&UnMasked Model are asked to perform expression recognition simultaneously. Then the results of the
probability matrix generated from those models will be compared based on their probability values to be able
to determine which expression is considered most appropriate to the object/data used. From this scenario, quite
good results are obtained with a model accuracy of 57.58%. Figure 7 is an illustrative explanation of the
scenario that was carried out. Table 10 is the result of the experiments conducted in this scenario.

Table 10. Detail Result Highest Probability FER Model

Expression  Precision Recall F1-Score
angry 56.22% 40.13% 46.83%
disgust 52.27% 46.70% 49.33%
fear 56.32% 22.70% 32.35%
happy 71.00% 81.31% 75.81%
neutral 51.87% 59.10% 55.25%
sad 42.74% 57.43% 49.01%
surprise 68.36% 75.66% 71.82%

Table 11. Confustion Matrix Highest Probability FER Model

actual \ predicted angry  disgust fear happy neutral sad surprise

angry 642 35 84 160 244 356 79
disgust 30 92 8 16 16 26 9
fear 173 22 379 91 236 515 254
happy 47 4 11 2032 220 114 71
neutral 79 7 48 302 1279 394 55
sad 139 14 74 166 384 1098 37
surprise 32 2 69 95 87 66 1091

2) CNN Model to Classify Expression Mask with First Stage Model (Proposed Model)
This is our proposed model, we try to add the first stage for mask/unmask classifier to our model to identify
whether data is classified with FER Mask or FER UnMask. This proposed model managed to get a good
accuracy with an accuracy of 57.55%. Table 12 and table 13 show detailed results for each expression and
confusion matrix of this model.

Table 12. Detail Result Proposed Model

Expression  Precision Recall F1-Score
angry 57.04% 40.50% 47.37%
disgust 50.00% 49.75% 49.87%
fear 53.88% 24.97% 34.12%
happy 72.35% 82.39% 77.04%
neutral 49.64% 63.08% 55.56%
sad 43.32% 51.57% 47.09%
surprise 68.86% 71.91% 70.35%
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Table 13. Confustion Matrix Proposed Model

actual \ predicted angry disgust fear happy neutral sad surprise

angry 648 39 96 161 279 299 78
disgust 31 98 7 14 19 23 5
fear 164 28 417 110 267 463 221
happy 31 6 17 2059 235 73 78
neutral 62 8 55 252 1365 368 54
sad 163 15 86 151 478 986 33
surprise 37 2 96 99 107 64 1037

From the results of the comparison above between the highest probability value model and our proposed
model, it was found that the highest probability model gave slightly better results in terms of accuracy compared
to the proposed model. Table 14 shows us head-to-head comparison between those models.

Table 14. Highest Probability Model vs Proposed Model

Model Accuracy  Processing Time
Highest Probability Model 57.58% 29.95s
Proposed Model 57.55% 25.58s

As can be seen from the results above, the highest probability model has results that outperform the
proposed model. There is a performance increase of 0.03%, but it should be noted that this performance increase
is also followed by a much greater increase in cost computing compared to our proposedmodel in this experiment.
Table 15 is a comparison of the required cost computing between scenario 1 and scenario 2 in terms of the number
of parameters required based on the pretrained model used.

Table 15. Cost Computing Comparison

Model Description Pretrained Used QtyParam Total Param
Highest FER Masked Model EfficientNetV2-B3 12M
Probadility  FER UnMasked Model ~ EfficientNetv2-83  12M 24M
Mask/UnMask Model EfficientNet-BO 5.3M
Proposed Model FER M'\a;lsgégnMask EfficientNet\V2-B3 19M 17.3M

It can be seen in table 15, where there is a cost computing efficiency of 28% with param differences of up
to 6.7 million parameters. This is also evidenced from table 14, which shows the processing time of the proposed
model is up to 15% faster which difference of almost 5 seconds compared to the highest probability model. It can
be concluded that our proposed model has a better level of performance and efficiency compared to the model
performed in highest probability model.

4. CONCLUSION

From the overall results of the experiments, it shows how the facemask become a big problem on the results of the
accuracy of facial expression recognition. Where in the phase 1 experiment, it shows that if a FER model tries to
recognize a face without a mask, the results obtained are quite good with an accuracy of 68.08%. However, for
facial recognition cases using masks, the maximum accuracy obtained is only 57.82%. Keep in mind that these
results were obtained without combining data between FER2013 data without masks and FER2013 with masks.
After that, in the second phase of the experiment, we try to compare our proposed model with the comparison
model called highest probability model. Where in this phase, dataset used is assembled data which include
FER2013 Masked andUnMasked FER2013. From the results it can be concluded that the highest probability model
provides slightly better accuracy compared to the proposed model. Highest probability model obtains an accuracy
of 57.58% while the proposed model obtains an accuracy of 57.55%. However, this difference in accuracy pays
off with computational efficiency that is much lighter in the proposed model, where there is a cost computing
efficiency of up to 28% based on the pretrained parameters used and the processing time efficiency of 15% with
difference of up to 5 seconds using the proposed model. So, it can be concluded that the proposed model has better
performance and efficiency than the comparison scenario. In carrying out this experiment, several obstacles were
also found which might become suggestions for future research, including the imbalance quantity of data from
each expression, the preprocessing carried out could not cover all of the existing FER2013 data which resulting in
the number of FER2013 using masks not the same in quantity as FER2013 without a mask, and also the classifier
used in the future might be able to start applying attention mechanisms or use other algorithms so that the overall
accuracy results can also get better.
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