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Abstract

We investigated brain activity in response to facial expressions wearing masks. N170 responses
at the T5 and T6 sites were synchronized with the vertex positive potential (VPP) response at the
Cz site. The N170 responses were increased under masked face conditions, which may be asso-
ciated with amodal completion. We then tested the facial emotion recognizer (FER) as a general
classifier and the specifically created classifiers based on convolutional neural networks (CNNs)
for predicting masked facial expressions. Although the accuracies in the FER were greatly lower
for Japanese faces with masks than without masks, the specific CNN classifier improved the
accuracies under the masked conditions.
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1 Introduction

For people to realize smooth communication, it is crucial that they discern emotional states
from facial expressions, and face-to-face communication usually provides rich emotional
information. With the ongoing spread of infectious diseases (e.g., COVID-19), there are more
opportunities for people to wear face masks. Interacting with someone wearing a mask makes it
difficult to grasp their facial expressions, presumably causing poor communication [1]. However,
even when a face mask hides the nose and mouth, one can still recognize the person’s face and
estimate the facial parts and expressions. Such completion, predicting hidden parts based on
empirical rules, is called “amodal completion” [2].

Emotional prediction of masked faces necessitates advanced judgment underlain by var-
ious brain activities. Event-related potentials (ERPs) in electroencephalogram (EEG) signals
are an efficient index to estimate brain activity during perceptual or cognitive tasks. N170, vertex
positive potential (VPP), and late positive potential (LPP) are known as the representative
components of ERPs for facial recognition. In particular, the N170 waveform is observed in the
posterior temporal lobes (T5 and T6 sites) during facial perception and recognition. Brain source
analysis of N170 has revealed the facial area of the brain—the fusiform gyrus (FG) and superior
temporal sulcus (STS) [3][4]—and its latency reflects the process of constructing faces.

Furthermore, the N170 amplitude is related to affective facial expressions [5] and increased by
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emotional expressions [6]. The stimulus only in terms of eye information increases the amplitude
of the N170 response and prolongs its latency [7]. However, it is unclear whether any differences
exist in the N170 response to the faces or expressions of a person wearing a mask. The VPP
response is a specific ERP component of facial expressions [8], indicating a similar latency to
N170. Brain source analysis of VPP has identified the same area as N170 [4]. The LPP can be
measured in the central and parietal areas, with a relatively long latency. The LPP is associated
with high emotional arousal levels, and its amplitude is higher for pleasant or unpleasant facial
expressions than for neutral faces [9].

If facial expressions are automatically and accurately identified from real-time camera images
even under masks, it could help us predict emotions and facilitate nonverbal communication in
our daily lives (e.g., patient care in hospitals, collaborate meetings, and school classes and
seminars). Specially, convolutional neural networks (CNNs) can automatically create target
filter kernels from input-output data, to divide biological images into categories [10]. Because
CNNss are also suitable for analyzing facial emotion recognition [11], they could be used to ef-
ficiently assess the features of masked facial images, showing high accuracy in the classification
of facial expressions. The facial emotion recognizer (FER) [11][12] has been developed as a
general technique for the automatic detection of expressions; however, its effectiveness is un-
clear with masked faces. The optimal settings for the network structure and parameters in the
CNN should be considered to increase the generalization to the specific case of masks, modify-
ing the traditional FER.

The first purpose of this study was to assess the brain processing of faces with and without
masks by analyzing the features of N170 and VPP responses. We also compared the effects of
facial expressions on behavioral characteristics (i.e., accuracy and reaction times). Finally, the
automatic classifiers were tested to recognize facial expressions with and without masks, and the
results were compared to human judgment. Specific CNN classifiers were constructed to modify
the performance of the traditional classifier [11][12] and identify Japanese facial expressions
even in masked cases. The abstracted EEG features for this study could be applicable for auto-
matically classifying facial expressions in future works.

2 EEG Study

We evaluated brain activity when recognizing emotional faces (neutral, smiling, fearful, and
sad) with and without masks, and we measured EEG signals to analyze the response features of
N170 (TS and T6) and VPP (Cz).

2.1 Participants

The participants in this study were eight healthy male students (mean age: 21.4 & 0.9 years)
at Ritsumeikan University (Shiga, Japan). The experimenter checked the health condition of
each participant, and they all had normal vision (including correction). After sufficiently
explaining the experimental procedure, we obtained a signature on the consent form from

each participant.
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2.2 Stimuli and Environments

(1) Visual stimuli: Four types of images (4 expressions X 6 persons = 24 images) were se-
lected from the ATR Facial Expression Image Database (DB99) (ATR-Promotions, Kyoto,
Japan): fearful, neutral, smiling, and sad faces (two Japanese males and four Japanese fe-
males). For each image, we prepared an image with a face mask (24 images in total). The
images were converted to grayscale (8-bit) and adjusted to the same luminance. The images,
with a size of 380 x 380 pixels, were presented on a display screen (resolution: 1,024 x 768
pixels; size: 23.8 inches) in a blackout room. The viewing distance between the participant
and the display was set at 60 cm, and the viewing angle to the presented object was set within
5°. The room temperature was kept at 24°C.
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Figure 1: (a) The experimental protocol for the EEG study. Four types of expressions (i.e.,
fearful, neutral, smiling, and sad faces) (b) without or (c) with masks.

(2) EEG recordings: We continuously recorded EEG signals using BIOPAC MP150 and
EEGI100C amplifiers (sampling rate: 500 Hz). The EEG signals were measured at three
locations, in accordance with the International 10-20 method, as follows: Cz related to the
VPP; TS5 and T6 related to the N170. The electrode for the body ground was located on the
left ear, and that of the reference was on the right ear.
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2.3 Experimental Procedure

After an initial practice task was sufficiently performed, we conducted the EEG experiment.
In each trial (Figure 1), the “Start” signal was presented (300 ms) at the center of the
presentation position of the stimulus image. After the “+” sign as the gazing point was pre-
sented for 800 to 1,200 ms, one of four different facial expressions was presented for 1 s. The
“+” sign was then presented again (1 s). Participants were instructed to respond quickly and
accurately in the period (i.e., 2 s) between the appearance of the face image and the disap-
pearance of the last “+” sign. They were also instructed to concentrate on the next trial
without worrying about making mistakes. Four keys on the keyboard (i.e., “D,” “F,” “J,” and
“K”), corresponding to the index and middle fingers of both hands, were used for responding
to the four expressions. The correspondence to the keys was randomly changed for each
participant.

One testing block consisted of 48 trials. In each trial of each block, one of 48 face images
(each without or with a mask) was randomly displayed. We conducted two blocks during the
practice task and four blocks during the EEG experiment. The break between each block
lasted for a few minutes. To reduce noise during EEG recording, the experimenter instructed
each participant to avoid blinking as much as possible between the “Start” signal and the end
of the facial image presentation and not to move their head or entire body.

2.4 Data Analysis

(1) ERPs: The analyzed interval was set between -100 and 600 ms before and after pre-
senting a face image (baseline: 100 ms immediately before presenting the face image). In
preliminary experiments with three participants (i.e., the same protocol as the main exper-
iment), the reaction times with a button press took at least 300 ms (i.e., the fastest reaction
time), meaning there were no significant effects of the button press on the earlier ERP
components such as N170 and VPP. If the EEG amplitude exceeded +80 uV due to the in-
fluence of blinking or body movement, the trial was excluded from the data analysis.

(2) VPP and N170: After computing an addition average for each experimental condition
and for each participant, the grand average was calculated across all participants. At the T5
and T6 sites, the minimum value between 150 and 250 ms after the stimulus onset of a face
image was defined as the N170. At the Cz site, the maximum value between 150 and 250 ms
after stimulus onset was defined as the VPP. After the N170 and VPP values (i.e., amplitude
and latency) were averaged for each experimental condition, the grand averages were
computed across all participants.

(3) Behavioral performance: For each subject and each experimental condition, we cal-
culated the accuracy percentage and reaction times. Trials without a response were excluded
from the data analysis. Grand averages were computed across all subjects.

(4) Statistics: Statistical treatment indicated a within-subjects analysis of variance

ANOVA) for two factors (facial expressions x presence of a mask). For significant results
p p g
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<.05), multiple comparisons (Holm’s method) were performed.

2.5 Experimental Results

(1) ERPs: Figure 2 shows the ERPs (VPP at Cz and N170 at TS and T6) in facial expressions
without (/eft) and with (right) masks. Overall, the VPP latencies were synchronized with the

N170 responses. The N170 amplitudes were higher in expressions with masks than in those
without masks, they were deeper at T6 (the right electrode) than at T5 (the left electrode).
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Figure 2: ERPs in facial expressions without (/eff) and with (right) masks: VPP at Cz (top)
and N170 at TS5 (middle) and T6 (bottom).

Figure 3 (left) represents the peak amplitudes of the N170 and VPP responses. The
ANOVA revealed a significant tendency for the interaction at T5 [F(321)=2.65, p<.1]and a
significant main effect of the mask at T6 [F(17) = 8.47, p < .05]. In particular, the N170 re-

sponse tended to be greater for smiling faces with masks. We suggest that predicting the

invisible facial parts (especially around the mouth) because of the mask resulted in a larger
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N170 amplitude.

Figure 3 (right) indicates the latencies of the N170 and VPP responses. In N170 at T5, the
ANOVA showed significant main effects of the factors for the mask [F(17) = 10.75, p <.05]
and facial expression [F321) = 4.49, p < .05]. For the facial expression, the multiple com-
parisons showed a significant difference between the fearful and neutral conditions (p <.05).
InN170 at T6, the ANOVA revealed a significant main effect of the mask factor [F1,7y=15.95,
p <.05].
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Figure 3: The peak amplitude values (/eff) and latencies (right) of the VPP at Cz (¢op) and the
N170 at TS (middle) and T6 (bottom): mean = S.D. Facial expressions (i.e., fearful, neutral,
smiling, and sad) without (b/ue) and with (red) masks.

(2) Behavioral performance: Accuracy and reaction times were calculated for each condi-
tion. Overall, for masked faces, the accuracy was worse for negative emotions, and the re-
action times were delayed. Figure 4 shows the accuracy results (/eff) and reaction times
(right). The ANOVA indicated that main effects existed for the mask [F(17) = 30,89, p <.01]
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and facial expression [F(321) = 6.57, p <.01] in terms of accuracy, and for the mask [F(17) =
31.60, p <.01] and facial expressions [F321) = 11.04, p <.01] in terms of reaction times. In
particular, accuracy was significantly decreased for sad expressions. Regarding the reaction
times, the interaction was also significant [F321) = 3.48, p <.05]. The detailed results of the
multiple comparisons are shown in Figure 4 (right).
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Figure 4: Behavioral performance (mean + S.D.): accuracies (%) (/eff) and reaction times (s)
(right) in facial expressions without (b/ue) and with (red) masks. N., neutral; S., smiling.

3 Automatic Classifiers for Masked Facial Expressions

The FER as a general classifier was assessed by comparing it with human accuracy for this
study. The similar face images used in the EEG experiment were applied to this classifica-
tion. The specific CNN classifiers were then evaluated to modify the traditional FER. Fi-
nally, the accuracies of the tested classifiers were compared with the human results.

3.1 Traditional Classifier for Face Expressions

(1) FER: This study used the FER library provided by Justin Shenk, which is based on hybrid
methods [11,12]. OpenCV adopts the Haar cascade algorithm to capture a face, and eye
cascades can acquire stable face detection. The detected faces were cropped for further
evaluation, and regions other than the faces were rendered in gray scale.

The accuracy (%) was averaged among the tested results of six people (with or without
masks) in the image dataset. Here, the FER calculated the probability in each of the facial
expression categories. The FER resulted in six emotions (anger, fear, happiness, disgust,
surprise, and sadness) with a neutral case, and one showing the highest probability was se-
lected as a final output. Because the EEG study focused on four cases (i.e., fearful, neutral,
smiling, and sad), the highest probability of the four emotions was determined as a final
output for this study. In accordance with this probability, the FER determined the final facial
expression; the highest value was selected to judge it. Therefore, the mean values of the
probabilities in the tested cases (i.e., six images of unknown faces) were also computed for
each experimental condition.

(2) Validation results: Figure 5 indicates the validation results of the FER under masked and
unmasked face conditions. Accuracies were higher for faces without masks than for those
with masks, and there was a tendency for the probability to be higher for faces without masks
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than for those with masks. In particular, compared with the probability of fearful and smiling
faces with masks, the classification accuracies were greatly decreased for the masked faces.

120 120 W Face

B Mask

100 100

< 80 < 80
- E

8 60 5 60
3 3

3 40 S 40
< =9

20 20

0 0

Fearful Neutral Smiling Fearful Neutral Smiling

Figure 5: The accuracy (/eft) of the FER classifier in identifying facial expressions without
(blue) and with (red) masks. The probability (right) of the FER classifier indicating the

maximum value. Mean %+ S.D.

3.2 Specific CNN Classifier for Masked Facial Expressions

To improve the general FER, specific CNN classifiers for masked faces were constructed for this
study, and accuracy was evaluated by using similar images as the EEG study.

(1) Image augmentation: As a pre-preparation step, image augmentation was applied to in-
crease the training and validation data for the CNN classifiers (Python ver. 3.9 with Keras
ver. 2.10). OpenCV (ver. 4.5) was used to perform the image processing of the random ro-
tation (0 = 5 degrees) and brightness change (0.8 to 1.2 times at random). The face area was
then detected and cropped as a region of interest, which was resized to 64 x 64 pixels for the
CNN:s. Finally, we prepared 100 images for each facial expression (four emotions in total) of
the dataset (six persons in total). The CNN classifiers learned those images, and the accuracy
and probability were validated.

(2) Specific CNN classifiers: To modify the low accuracy of the FER, especially regarding
masked facial expressions, we explored the optimal construction and hyperparameters for
the CNNs by trial and error. In the present work, the CNN structure consisted of two con-
volutional layers with a fully connected layer. Facial images were first applied to the input
layer of the CNN. The convolutional layers then learned multiple filter kernels (i.e., feature
maps). The size of the filter kernels (¢ x f; X f)y was setat 1 x3 x 3, fi=f =3 withn; =n, =
64; c represents the number of channels in an input image (i.e., a grayscale image in ¢ = 1); f;
represents the size of the filter kernels; n; denotes the number of filter kernels in the i-th
convolutional layer. The padding process was followed to prevent a reduction in the image
size by filtering.

The batch-normalization process and ReLU as the activation function were applied to the
output in each convolutional layer, followed by the max-pooling layer to provide a form of
translation invariance and the dropout process to increase and maintain generalization. The
output of the final convolutional layer was passed to the fully connected layer, followed by
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the softmax function output to identify four classes of facial expressions. The CNNs were
trained using the Adam optimization algorithm to optimize cross-entropy loss for multi-class
classification.

(3) Training and validation methods: The CNNs were trained and validated to identify fa-
cial expressions without and with masks. A K-fold cross-validation test (the facial data of six
persons) among the four levels of expressions (i.e., fearful, neutral, smiling, and sad) was
performed to assess the accuracy of each classifier. Each classifier was trained using K-1 data
(i.e., faces except for a target person) and validated by the remaining data (unknown faces of
a target person). This procedure was repeated to compute the classification accuracy for K
rounds.

The data number was set at 2,000 images (i.e., 100 images of the augmentation x 4 emo-
tions x 5 persons’ faces except for a target) for each training phase and 400 images (i.e., 100
images x 4 emotions in a target face) for each validation phase. In the hyperparameters of the
CNN, the learning rate, dropout rate, mini-batch size, and number of epochs were set at 107,
0.2, 10, and 100, respectively. This trial (i.e., training and test of the CNN) was repeated four
times for every evaluation condition because of initially randomized weights. The heat maps
based on weights in the CNN layers were also visualized to clarify the facial parts on which
the trained and tested classifier focused [13].
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Figure 6: Learning curves in the accuracy (upper left) and the probability (upper right) of the

specific CNN classifiers for facial expressions without (b/ue) and with (red) masks (mean =+

S.D.). The accuracy (lower left) and probability (lower right) of each facial expression at the
final epoch of test data (mean + S.D.).
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(4) Results of training and validation: Figure 6 (upper) shows the learning curves in the
accuracy and the probability of each specific CNN classifier for the facial expressions
without and with masks: the mean values for the faces of 6 persons (i.e., the results of 100
images) X 4 trials in each condition = 24 times. The accuracy values in the training data (/ef?)
converged to 100% around 50 epochs under the conditions both without and with masks. In
the validation data (right), the accuracy values were distributed in both conditions as com-
pared to those in the training data. The mean values of accuracy reached 85% for no masks
and 65% for masks. Figure 6 (lower) indicates the accuracy and probability values of each
facial expression in the final epoch of the test data. The accuracies and probabilities were
increased for no mask conditions compared with those for masked faces. Although it was
difficult to identify the negative (fearful and sad faces) conditions, the accuracies were
greatly improved, especially for masked faces. The results of the probability were similar to
those of accuracy.

Figure 7 shows typical examples of heat maps (i.e., gradation of weight in each convolu-
tion layer in the final epoch of the test data). In all expressions without and with masks, the
roles of the convolutional layers were divided into two parts—detecting the whole area and
shape in a target face (i.e., eyes, eyebrows, and mouth areas are hollowed out) in the first
layer and characterizing facial parts (i.e., eyes, eyebrows, mouth, bottom of the nose, etc.) in
the second layer. There was an inverted relationship between the first and second layers.
Under masked conditions, the information on facial parts was limited to the upper half of the
face, such as the eyes and eyebrows except for the masked region. Similar tendencies ap-
peared even under the results with low accuracy (e.g., fearful and sad faces without and with
masks). Especially in smiling faces without masks, rasing the corner of the mouth was
mentioned as a feature of the second convolutional layer in the CNN classifier, although it
was hidden in masked faces.

V. i " (R
Figure 7: Typical examples of the heat maps (red, high weights; blue, low weights) of faces
in each layer of the CNN classifier in the final epoch of the test data. (a) fearful, (b) neutral,
(c) smiling, and (d) sad faces without (upper) and with (lower) masks.
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3.3 Human Judgment versus Automated Classifiers

By comparing the accuracy between human recognition and classifiers, the automated clas-
sifiers can clarify the future points of modification to obtain a high recognition rate even
under mask faces. Table 1 summarizes the accuracy of the human and classifier results in
judging facial expressions with and without masks. For no masks (i.e., usual cases), the FER
showed the highest accuracies (100%) under the neutral and smiling conditions. However,
the accuracies for fearful and sad (i.e., negative) faces were lower for the classifiers than for
human judgment. For both humans and classifiers, the accuracies in identifying facial ex-
pressions were lower for masked faces than for unmasked faces. In particular, the FER had
worse results in judging emotional faces with masks compared to human judgment, which
had higher accuracy. However, even in humans, the accuracies for the fearful and sad ex-
pressions were lower than those for the other expressions with and without masks.

Compared to the traditional FER, each specific CNN classifier showed the possibility to
greatly improve accuracy (25.0% in the FER to 68.1% in the CNN) when it learned the
specific features for masked facial expressions, regardless of various cases such as rotations
and brightness of faces when assessing the CNN classifier. Moreover, the CNN classifiers
tended toward lower accuracy regarding negative (i.e., fearful and sad) expressions com-
pared to neutral and smiling faces, without and with masks. However, the recognition rates
were higher in participants than in the specific classifiers for facial expressions, even in
masked conditions.

Table 1: Accuracy of Human Judgment and Automatic Classifiers

Accuracy (%)
Facial Expressions Jill;,g,:,nae,; t FER CNN Classifier

Fearful 95.8 66.7 84.7
Neutral 99.5 100.0¢ 97.8
No Mask Smiling 94.9 100.0° 98.5
Sad 77.9 66.7 61.4

Mean (+ S.D.) 92.0 (£9.6) 83.4 (£19.2) 85.6 (£17.3)
Fearful 85.5 16.7 58.6
Neutral 94.0 50.0 81.1
Mask Smiling 94.3 0.0° 73.4
Sad 66.7 333 59.4

Mean (+ S.D.) 85.1 (£12.9) 25.0 (£21.5) 68.1 (£ 11.0)

“Max. and “min. values in this table.
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4 Discussion

We performed the EEG study first and found N170 modulation for masked facial expres-
sions. Next, the same dataset used in the EEG experiment was applied to the automated
classifier. The reaction times were delayed for masked facial expressions, and accuracies
were worse for negative faces with masks. Changes in the orbicularis oculi muscle may
influence the judgment of smiling.

4.1 EEG Study

We found that the masked facial expressions increased N170 amplitudes and delayed laten-
cies, compared to the cases of unmasked faces that were also used in the previous reports
[5][6][7]. One factor of N170 changes may be brain processing related to predicting the
invisible parts of a masked face (e.g., the mouth and nose), suggesting the effects of amodal
completion [2] in face recognition. These effects were remarkable for smiling faces in this
study, perhaps because it is easier to judge a smile by changes in the eye area.

It is becoming increasingly normal to wear face masks, although some facial parts (i.e., the
mouth, nose, and cheek muscles) are hidden. When looking at cropped images of facial parts,
such as human eyes or mouths alone, people often feel uncomfortable or unnatural. In con-
trast, masked faces can be seen naturally, even when missing information about facial parts.
Under such conditions, we revealed that face-specific ERPs were modulated by masked
facial expressions. In fact, the N170 response was larger with masks than without masks,
suggesting that facial composition and completion in the brain may be unconsciously per-
formed (i.e., amodal completion).

ERPs used to judge masked facial emotions may vary according to gender, age, race,
culture, and individual differences among participants. For example, regarding photographs
of faces, research has shown that compared to Japanese, Americans weighted cues displayed
in the mouth more when judging emotions, whereas Japanese tended to weight cues in the
eyes more than Americans [14]. The differences between the stimulus methods—movies
(i.e., dynamic change) and static photographs—also affect the recognition of facial expres-
sions. Furthermore, although we used unknown faces to evaluate the ERPs, familiar faces
may enhance N170 amplitudes [15][16]. A neutral face associated with memory (e.g., ob-
served behavior and personal characteristics, familiar situations, etc.) may also induce var-
ious emotions and enhance brain activities [17][18]. Therefore, the presence of familiar and
known faces should be considered when assessing the ERPs.

4.2 Automated Classifiers

The FER had a classification accuracy around 70% on the FER-2013 emotion dataset [11].
For this study, compared to the human recognition of facial expressions, the FER as a general
classifier had lower accuracies, indicating that the basic classifier’s emotional recognition
should be modified to identify masked facial expressions. The constructed CNN classifiers
improved the FER method, especially for masked facial expressions. This classifier could be
applicable for the appropriate and quick detection of emotional change during nonverbal
communication in various social situations, by judging facial expressions from camera im-
ages. If sufficiently trained CNNs are used to classify facial expressions, a similar speed as
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human brain processing (around 800 ms, the reaction time for this study) will be needed for
the judgment, meaning the possibility of real-time processing, although the processing speed
of the CNN classifier depends on the input image size and computer’s specs (e.g., CPU,
GPU, motherboard, and RAM [12]). Moreover, passive or affective brain-computer inter-
faces (BClIs) [17] enable the nonverbal communication of specific emotions, and such
technologies should facilitate the real-time perception of facial expressions, even in masked
cases. In approaches to the use of BCIs with EEG signals, an essential requirement abstracts
brain activity at functional frequencies under reduced artificial noise [ 19], and support vector
machines can efficiently extract meaningful brain changes [20].

The roles of the CNN layers constructed for this study are divided into two parts: grasping
the whole face except for small parts in the first layer and recognizing the shapes of facial
parts in the second layer. This judgment process of the CNN classifier may be similar to
human brain processing to recognize faces and expressions. The neural system for face
perception is generally classified into a core system (inferior occipital gyrus, lateral FG, and
STS) for visual analysis and an extended system (intraparietal sulcus, amygdala, insula, etc.)
for cognitive functioning in attention, mouth movement, facial expression or identity, and
emotion [21]. This suggests that common and efficient processing for recognizing facial
expressions is present in both the human brain and artificial neural networks. Interestingly,
even if the information on faces is hidden by wearing masks, the effects of the recognition
process for expressions would be retained in the CNN layers. Although the human brain can
complement the hidden face area, the CNN classifier will judge facial expressions only from
the remaining information on facial parts under masked conditions (e.g., facial parts such as
eyes and eyebrows). However, the brain mechanisms while looking at masked faces remain
unknown and should be clarified in future studies.

We searched the optimal parameters for the specific CNN classifier, by trial and error.
However, we should explore the optimal structure (e.g., the number of convolutional and
fully connected layers; number and size of filter kernels; combination of batch normaliza-
tion, dropout, activation functions, and learning methods) and hyperparameters (e.g.,
learning rates, mini-batch size, and epoch number) of the CNNs. The weights of the CNN
were also changed in every trial because of the small number of facial models. However, to
acquire further generalization, it is necessary to converge to general values of weights,
learning them by various faces. Furthermore, transfer learning or fine-tuning (e.g., VGG16
and VGG19 [22]) has the potential to increase the accuracy of facial expression recognition
under masked conditions. As with human judgment, there are easy or difficult cases for the
CNN to train and recognize facial features because of the individual differences among target
faces and expressions in the dataset. The CNNs should also be expanded to identify basic
emotions [23], such as faces of anger, disgust, and surprise faces, which were not tested in
this study, and to show the generalization to various target faces.

5 Conclusion

Our purposes were to evaluate the brain mechanisms of masked facial expressions and ex-
plore the automatic classification method for facial expressions while wearing masks. Re-
garding the first objective, we found that the N170 responses were significantly changed by
masked facial expressions. In particular, the increase of N170 amplitude may be associated
with the magnitude of amodal completion. Future studies are required to consider gender,
age, race, culture, and individual differences among participants and to assess other basic
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emotions, except for the tested facial expressions in this study.

Regarding the second objective, the specific CNN classifier for masked facial expressions
improved the general FER. However, the accuracy was still higher in the human recognition
of facial expressions than in the automated classifiers, indicating the requirement of further
modifications. In future research, these results can be useful as machine learning and artifi-
cial intelligence features for predicting masked facial expressions. As possible features to
identify masked facial expressions and increase accuracy, the components of ERPs such as
N170 and VPP while looking at a target face may be applied to the hybrid automatic classi-
fiers with facial images. To realize the automated classifiers for human facial expressions
and predict emotions would be linked to facilitating nonverbal communication in various
situations of daily life and might be useful for the screening of mental diseases based on the
analysis of emotional changes.
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