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Abstract— Advanced Driver Assistance Systems (ADAS) are
enabling technologies in Intelligent Transportation Systems.
Modern ADAS include algorithms to classify drivers’ actions
and distractions, aiming at identifying situations in which the
driver is inattentive. Such systems typically include components
for Driver Action Recognition (DAR) and Visual Distraction
Classification (VDC), which prevent risky situations during
semi-autonomous driving. DAR and VDC often rely on cameras
that track the driver and classify actions based on image
recognition algorithms. The COVID-19 pandemic has changed
several common social behaviours, including the widespread
use of face mask even during driving. In some cases (taxi, bus)
face covering policies are compulsory in many legislations. We
here show that these behavioural changes challenge state-of-the-
art DAR and VDC systems, with the average F1-score in some
scenarios dropping by around 30% when exposed to images
of drivers wearing masks. Noting a lack of public datasets to
update the ML classifiers performing such tasks, we contribute
MASKDAR, a dataset for Action Recognition of Drivers wearing
face Masks. Finally, using MASKDAR we show the importance
of including subjects with face masks in datasets for DAR.

I. INTRODUCTION

A key enabling technology in modern Intelligent Trans-
portation Systems are the Advanced Driver Assistance Sys-
tems (ADAS) that assist human drivers. They help to reduce
risks in critical situations and increase the overall driving
safety. ADAS are designed to operate at different automation
scenarios – i.e., the L0—L5 autonomy levels [17]. In each of
these levels, the commitment required from the human driver
varies, going from no automation (L0) to fully automation
(L5). In scenarios with partial automation (L2 and L3), the
driver attention to the main driving task is still required,
as distractions may result in reduced reaction times and
incorrect manoeuvres [24].

Modern ADAS include mechanisms to monitor driver
inattention using several integrated technologies. One pos-
sible way of achieving that is by employing Human Action
Recognition (HAR) systems, i.e. methods for automatically
classifying actions of human subjects from images or video
sequences [5]. In the automotive context, the problem is
known as Driver Action Recognition (DAR), as it aims to
detect various forms of secondary tasks the driver may be
performing, which may result in degraded driving perfor-
mance.1 The task of classifying driver distraction is a more
general task than DAR, since it includes both cognitive and
visual distraction classification (VDC) along with secondary
task detection. All these tasks have been faced in previous

1In the literature the A of the acronyms DAR and HAR stays equally
likely for “activity” or “action”. We prefer to use only the term “action”.

works [16], with multiple classification methods, in particu-
lar based on Convolution Neural Networks (CNN), shown
to deliver good performance [3]. Equally, several public
datasets have been introduced for both HAR, DDC and VDC
tasks [18].

Since the start of the COVID-19 pandemic, several human
behaviours have changed to counter the emergency [20].
Among the various changes, non-pharmaceutical interven-
tions (NPIs) like face masks have become common, both
in outdoor, indoor and even car environment. This sudden
change in driver’s habits calls for a reappraisal of the perfor-
mance of Human Action Recognition software, since many
systems have not been trained to recognize drivers wearing
a face mask. Moreover, to the best of our knowledge, no
dataset among the publicly available ones for the DAR and
VDC tasks considers the duality of drivers with/without face
masks as a relevant subjects’ feature [18].

Research question: To understand whether it is adequate
to use classification models trained on datasets that do
not include drivers wearing face masks (as most available
datasets) to classify drivers that wear a mask, and to quantify
the actual degradation of such classifiers, if any.

Contributions:

1) A dataset for Action Recognition of Drivers wearing
face Masks, named MASKDAR, that can be used to
train machine learning (ML) models to identify 15
distinct actions associated to drivers’ distraction. It
includes 30 subjects performing driving tasks, both
with and without face masks.

2) An experimental analysis to quantify the impact of
considering face masks when training/testing ML mod-
els for DAR and VDC.

Results: The analysis shows that the presence of face masks
significantly degrades the classification performance for ML
models that are not explicitly designed to take face masks
into consideration. The average F1-scores for models trained
without taking into account face masks is reduced from
0.90 to 0.69 in the VDC scenario, and from 0.76 to 0.60
in the DAR scenario. By analysing how image features are
used in the classification, we identify the importance of the
face regions covered by the masks for the classification. We
then show that the inclusion of drivers wearing face masks
in the training set restores part of the lost classification
performance, with F1-scores reaching 0.84 and 0.71 for the
VDC and DAR scenarios, respectively.
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C00 Safe driving C06 Drinking C07 Look Behind

C08 Hair & Makeup C11 Look Below C12 Look Right

C02 Talk phone right C05 Operate RadioC01 Texting right

C09 Talk passenger right C14 Yawn

C03 Texting left C04 Talk phone left

C10 Talk passenger left C13 Look Left

Fig. 1: Samples of pictures of the 15 action classes recorded in lab conditions, with a mix of subjects with/without masks.

Our results thus demonstrate the relevance of considering
NPIs in datasets for action recognition. We believe the
dataset, scripts and models can contribute to efforts aiming
to build better DAR and VDC systems, able to cope with
drivers in novel (common) setups.

Availability: MASKDAR is available with no charges under
a research agreement with our research group (under GDPR
regulations). Contact the authors to set up the agreement.

II. RELATED WORK

Action recognition of drivers has been studied extensively
in the last few decades [16]. A crucial component needed to
perform these studies is the availability of public datasets for
DAR/VDC tasks. The survey in [10] compares and classifies
many of these datasets (in the broader context of HAR), using
a structured taxonomy. One of the first publicly-available
dataset for DAR is found in [27], consisting in four action
classes taken on 20 subjects (resulting in 80 images). Such
dataset is not large enough for training Convolutional Neural
Network (CNN) models, and thus subsequent datasets have
significantly scaled up in size.

A popular dataset that has sparked a lot of interest and
several studies is the AUC-V2 datasets [6], successor of
AUC [1]. AUC-V2 is an image-based dataset of about 15 k
images from 44 subjects, comprising 10 action classes. In this
paper we consider these classes and the general methodology
of AUC-V2 as the starting point of our research. However,
AUC-V2 does not consider face masks and their impact
as obstruction devices for the classification tasks. A multi-
modal, multi-sensor day/night dataset is the 3MDAD [9].
While more advanced in the setup than AUC-V2, this dataset
does not consider face masks either. Other datasets, as
in [21], consider low lighting conditions and infrared images.
We here omit these cases for simplicity and because they are
orthogonal to the face mask obstruction problem.

The problem of face masks (and other NPIs) identifica-
tion using CNN is studied in [3] in the context of policy
implementation tracking. However, the target is not action
recognition, but detection of subjects not wearing masks. A
benchmark of CNN architectures for the AUC-V2 dataset is
found in [15], while a qualitative comparison of the tech-
niques used to solve the general HAR problem is described
in [10]. A survey focused instead on the methods to address

the VDC problem is given in [11]. Other approaches not
based on CNN but on cue tracking are reviewed in [13].

A work with a setup similar to ours is reported in [23],
where the authors use an assisted-driver testbed to simulate
an automotive environment using the same 10 action classes
of AUC-V2. However, their goal is to benchmark different
CNN architectures for the DAR task in a controlled environ-
ment. Face masks have not been considered in that research.

The classification of videos (like in [19]) may also con-
stitute a relevant improvement for a DAR classifier. We
however do not report related work in this field since we
restrict the scope of this paper to the task of classifying
still images. The analysis of the impact of face masks on
classifiers based on videos is left for future work.

III. DATASET FOR DAR WITH FACE MASKS

Although there are several public datasets for DAR (see
[18, Table 1]), to the best of our knowledge no dataset
considers the problem of drivers wearing face masks for
coronavirus protection. To answer our research question we
have developed a dataset, named MASKDAR, described in
the following.

A. Subjects and Face Masks

The dataset is composed of 30 subjects (23 males, 7
females), each recorded in two rounds of simulated driving:
R1=without face mask, R2=with face mask.2 In each round,
the subject performs a sequence of 15 actions, each lasting
10 seconds. Actions are summarized in Table I and include
safe driving as well as multiple actions related to distraction,
such as texting, looking away from the road, drinking etc.
Therefore, each subject performed the requested actions two
times, in the R1 and R2 conditions (without and with masks).
Different types of masks (surgical, cloth, N95/FFP2) have
been used by the subjects during the experiments.

B. Image capturing

For each action/round/subject, the dataset contains 10
images randomly selected among the video frames captured
during the interval in which the subject was performing
the requested action. Pictures are taken in a lab scenario

2We use CARLA Simulator (https://carla.org/), but our results
do not depend on the simulation framework and setting, since the ML
models rely only on the drivers’ pictures.
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TABLE I: Action class definitions for the MASKDAR dataset.

Class Name Description
C00 Safe driving The subject simulates a normal, safe driving, looking straight at the road or at the mirrors.
C01 Texting right The subject holds the cellphone in her/his right hand, and is writing a text message.
C02 Talk phone right The subject holds the cell phone in her/his right hand, and is performing a phone call.
C03 Texting left Same as C01 with the left hand.
C04 Talk phone left Same as C02 with the left hand.
C05 Operate radio The subject gaze is directed at the car radio, and she/he plays with it using the right hand.
C06 Drinking The subject is drinking (or about to drink) from a bottle/glass using one hand.
C07 Look behind The driver is stretching to grasp some object on the back seat.
C08 Hair & makeup The subject is adjusting her/his hair or doing some makeup.
C09 Talk passenger right The driver is looking at her/his right and talking.
C10 Talk passenger left Same as C09 on the left.
C11 Look below The driver is stretching to grasp something on the car floor.
C12 Look right The driver is looking at her/his right, but she/he is not talking.
C13 Look left Same as C12 on the right.
C14 Yawn The driver is yawning, perhaps inattentive to the driving task.

(similar to [23]) using a frontal camera with a 80° field-
of-view (FoV). Frontal cameras are a more realistic choice
than lateral cameras (as in the AUC-V2 dataset), since the
latter may easily be obstructed by a passenger or by luggage
(see [7] for a similar discussion). Originally, pictures have
been taken at 640×480 resolution, but are then rescaled to
320×240 for faster processing.3

C. Action classes

Fig. 1 shows a sample image for each of the 15 action
classes described in Tab. I, taken from either R1 or R2
rounds. Action classes C00–C09 directly correspond to the
ones in [6]. Action classes C10–C14 have been added follow-
ing the experimental setup of [18]. Action classes that have
left/right variations (C01/C03, C02/C04, C09/C10, C12/C13)
have been acquired on the right variation only, while the left
variation is generated by mirroring. Each action class has
600 images (30 subjects × 2 rounds × 10 samples), resulting
in 9000 images for the whole dataset. Since the dataset is
acquired in lab conditions, we have considered both the talk
left/right actions, even if they are usually exclusive in real
setups, following the position of the driver/passenger in the
car.

IV. METHODOLOGY

We now describe our experimental methodology, detailing
our experiment configurations (Sect. IV), the used classifi-
cation models (Sect. IV-B) and methods used to evaluate
features and explain results (Sect. IV-C).

A. Experiment Configurations

To experimentally test our research question, we consider
three configurations of the action classes. Fig. 2 summa-
rizes the configurations. In the first configuration (CONF15),
classifiers are trained to identify all driver actions listed in
Table I. This is the most challenging scenario, since multiple
driver actions are characterized by similar body movements –
e.g., C10 (Talk to passenger left) and C13 (Look left). In the

3Subjects have provided explicit consent for the release of their pictures.
MASKDAR will be made publicly available for research purposes.

C00 Safe driving

C06 Drinking
C07 Look Behind
C08 Hair & Makeup

C11 Look Below
C12 Look Right

C02 Talk phone right

C05 Operate Radio

C01 Texting right

C09 Talk passenger right

C14 Yawn

C03 Texting left
C04 Talk phone left

C10 Talk passenger left

C13 Look Left

D00 Safe driving

D03 Drinking
D04 Look Behind/Below
D05 Hair & Makeup

D02 Operate Radio

D01 Using Phone

D06 Look/Talk passenger

D07 Yawn

E00 Safe driving
E01 Distracted

CONF15 CONF8 CONF2

Fig. 2: Action class grouping for the three configurations.

second configuration (CONF08), we group together classes
that are expected to be confused in pictures, thus creating a
coarser classifier able to identify macro-categories of driver
actions. In the last scenario (CONF02) we collapse all non-
safe actions into a single generic class (E01 Distracted), thus
evaluating a binary classifier that can be considered as an
instance of the VDC task.

For each configuration, we train the CNN models to
identify the drivers’ actions in three experimental setups:

T1 No face masks: The model is both trained and tested
with drivers wearing no masks. This experiment is our
baseline.

T2 Training without masks, Test with masks: The model
is trained with drivers wearing no face masks and then
tested with drivers wearing masks. This case assesses
the performance degradation of missing face masks in
the training data.

T3 Mixed: Both the training and test sets include subjects
with and without face masks. This case tests the
performance of a classifier that is properly trained to
classify drivers wearing face masks.
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Fig. 3: Confusion matrices for the nine experiments.

B. CNN Model

We use CNN models to perform our classification task.
In particular we employ the state-of-the-art EfficientNet-B1
architecture (see [22] for the network structure), as used also
in [12]. Training is performed using transfer learning [26]
from a checkpoint [8] of a model trained using the ImageNet
dataset [4]. The transferred model is then fine-tuned against
the MASKDAR dataset. This approach has been shown to
lead to fast model convergence and high classification ac-
curacy in multiple image recognition tasks [26]. Depending
on the configuration, our model has 15, 8 or 2 outputs, each
associated with the corresponding class in Fig. 2.

To obtain unbiased results, we perform cross-validation
using a leave-one-out process, in which we train the models
using data from 29 subjects and test on data from the remain-
ing subject. Thus each of the 9 experiments (three tests T1,
T2 and T3, each one with the three defined configurations)
requires to train 30 models on 29 subjects, that are then
tested on the single excluded subject. This approach helps
to verify the model robustness more thoroughly than by just
using random sampling of the dataset into train/test sets.

Each model in test T1 has been trained for 50 epochs, in
batches of 32 input images, that pass through data augmenta-
tion layers (rotation, translation, contrast and zoom). Training
might stop earlier if there is no accuracy improvement on the
validation set for 10 epochs. Then, for test T3 the trained
models from test T1 have been fine tuned on the images of
subjects wearing masks for 10 epochs.

TABLE II: F1-scores by action classes.

F1-score
Class T1 T2 T3
C00 0.82 0.49 0.76
C01 0.74 0.55 0.68
C02 0.91 0.78 0.91
C03 0.72 0.68 0.73
C04 0.93 0.81 0.92
C05 0.73 0.54 0.71
C06 0.92 0.62 0.81
C07 0.91 0.74 0.88
C08 0.80 0.68 0.82
C09 0.50 0.38 0.40
C10 0.54 0.32 0.40
C11 0.87 0.77 0.88
C12 0.58 0.48 0.52
C13 0.61 0.52 0.49
C14 0.76 0.64 0.77
E[F1] 0.76 0.60 0.71

(a) CONF15 scores.

F1-score
Class T1 T2 T3
D00 0.85 0.50 0.82
D01 0.83 0.69 0.84
D02 0.94 0.51 0.72
D03 0.88 0.57 0.83
D04 0.91 0.76 0.92
D05 0.85 0.70 0.75
D06 0.86 0.74 0.92
D07 0.91 0.52 0.80
E[F1] 0.88 0.62 0.83

(b) CONF8 scores.

F1-score
Class T1 T2 T3
E00 0.81 0.41 0.70
E01 0.98 0.97 0.98
E[F1] 0.90 0.69 0.84

(c) CONF2 scores.

For what concerns the performance metrics of each ex-
periment, for each action we generate, from the experiment
confusion matrix, a 2 by 2 matrix

[
T P FN
FP T N

]
, from which we

compute the per-action scores using the classic performance
metrics:

Precision =
T P

T P+FP
, Recall =

T P
T P+FN

F1-score = 2 · Precision∗Recall
Precision+Recall

The score of the model on the single experiment is given by
E[F1], i.e. the mean F1-score value over all the classes.

C. Checking Deep Layer Activation (eXplainable AI)

To further inspect the predictions obtained by our CNN
models, we use the DeepSHAP method [14]. Given an input
image for which we use a CNN model to predict its class,
DeepSHAP extracts the relative importance (Shapley values)
of the 2D features in input at every convolutional layer of
the CNN model, generating an activation map. Inspecting
the maps obtained for the deepest convolutional layer allows
us to get insights on what parts of the input image concurred
positively (or negatively) in the final classification score.
Fig. 4 shows some examples of the obtained activation maps
for MASKDAR. The first column shows input images, while
the other two columns depict activation maps. Red areas
activated the CNN to increase the classification likelihood
of the particular example in the given class, while blue areas
decrease such likelihood.

V. RESULTS

We now experimentally assess our research question: how
much do face masks degrade the performance of a DAR (or
a VDC) system, specifically if it was not trained for that
purpose? We describe the results of the three experimental
setups in the following subsections.
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A. T1 — Baseline, no face masks

Results for T1 are summarized in Fig. 3(T1 row), which
reports the average confusion matrices (as heat maps) for
CONF15, CONF8 and CONF2, respectively. In each matrix
rows correspond to the actual class and columns correspond
to the predicted class. Each cell shows a color corresponding
to the average conditional prediction probability after 30
cross-validation folds. Tab. II complements the confusion
matrices by reporting, in each column labelled T1, the values
of the F1-scores for every class, as well as the average F1-
scores for each of the three configurations.

Starting with CONF15 (Fig. 3(a1)), we see that the model
classifies most images correctly. F1-scores in this configu-
ration – T1 column in Tab. IIa – are high for most classes,
reaching 0.93 for C04 (Talk phone left). Classes with lower
performance are C09 and C12 (Talk passenger right/Look
right) with around 0.5–0.6 F1-scores, and C10/C13 (Talk
passenger left/Look left). These classes appear to be indis-
tinguishable by the classifier (as can be observed by the off-
diagonal elements of the confusion matrix). Other classes
(C05, C14) also appear to be more difficult to classify,
according to their F1-scores. Such results are not surprising,
since the performance of image-based HAR systems remains
somewhat limited with real-world data [10]. This is particu-
larly the case for models built on single images (i.e., as op-
posed to models built on videos), which is known to be more
challenging when classifying complex action dynamics [2]
(such as talk/look). Results obtained for this baseline setting
are similar to previous (comparable) experiments [25].

As we group some actions together in CONF8 the classifier
reduces such mistakes and the overall performance improves,
as can be observed in Fig. 3(b1) and in T1 column of
Tab. IIb. Grouping actions into just two classes (CONF2)
further increases the performance. Fig. 3(c1) shows that the
classifier has high recall for the Distracted class, while it
makes some mistakes for samples of the Safe Driving class.
The F1-Scores reaches 0.81 and 0.98 for the Safe Driving
and Distracted classes, respectively. The average F1-scores,
which capture differences on performance across the multiple
classes, are at 0.76, 0.88 and 0.90, respectively.

Takeaway: Using a dataset containing only drivers wear-
ing no masks and state-of-the-art ML models leads to classi-
fiers able to identify drivers’ actions with good performance
(e.g., 0.98 F1-score for the Distraction class).

B. T2 — Training without masks, test with masks

We assess the performances of the same T1 models against
pictures of drivers wearing face masks. Fig. 3(T2 row) shows
the confusion matrices for the three configurations. Results
for T2 are again obtained by cross-validation, where in each
cross-validation fold the subject in the test set is the same
as in the T1 fold, but wearing a face mask.

Fig. 3(T2 row) shows a performance degradation w.r.t. T1
for all three configurations. In CONF15 we observe a large
dispersion on the conditional prediction probability away
from the matrix diagonal, pointing to a general reduction
of classification power. A similar pattern is observed for

Real 1st predicted 2nd predicted

(a2) Safe driving (a3) Yawn(a1) Safe driving

(b2) Yawn (b3) Safe driving(b1) Safe driving

(c2) Safe driving (c3) Hair & makeup(c1) Safe driving

(d2) Look right (d3) Safe driving(d1) Safe driving

0.00 0.02 0.04-0.02-0.04

Increase activationDecrease activation

Fig. 4: Examples of activation maps of the CNN models.

CONF8 as well as for CONF2. In the latter configuration,
the classifier is clearly unable to distinguish the Safe Driving
examples. These results show the importance of updating
DAR and VDC systems for the post-COVID19 scenarios.

The third columns in each table of Tab. II details results
for T2. Comparing numbers against those obtained in T1,
a major performance reduction is confirmed for all classes.
The F1-score for the best performing class in T1/CONF15
(C04, Talk phone left) is reduced from 0.93 to 0.81 in T2.
The F1-score is as low as 0.32 for C10 (Talk passenger
left). The average F1-score is reduced from 0.76 to 0.60 in
CONF15, from 0.88 to 0.62 in CONF8, and from 0.90 to
0.69 in CONF2.

We investigate the activation maps of the deepest convo-
lutional layers in the classifiers using DeepSHAP, to inspect
which visual features are used by the models to make the
predictions. Fig. 4 shows a few examples of our inspec-
tion. Row (a) and (c) correspond to drivers without a face
mask (CONF15/T1 scenario), while rows (b) and (d) are
similar pictures of the same subjects wearing face masks
(CONF15/T2 scenario). Column 1 shows the input images,
column 2 shows the activation maps for the most likely action
classes (according to the classifier) and column 3 shows the
maps for the second most likely classes. Red (and blue) areas
in the activation maps correspond to the areas that influenced
positively (and negatively) the classifier output for the given
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Fig. 5: Detailed confusion matrix for T3/CONF15.

class. We consider models trained without subjects wearing
face masks.

Examples (a) and (c) show cases where the classifier
correctly predicts the Safe Driving class. The second column
in Fig. 4 shows a high concentration of red areas over the face
of the subjects – i.e., face traits have activated the classifier
for the correct class in these examples. The third column
in Fig. 4 shows no strong activation area for the action
identified by the classifier as second most likely ones for
these examples. These examples suggest that the classifier
relies on face traits to make the predictions.

Examples (b) and (d) are incorrectly classified as Yawn
and Look Right, while the pictures actually correspond to
the Safe Driving class. In both cases, the classifier has Safe
Driving as its second most likely option. In (b3) and (d3) we
observe patterns that are clearly opposed to the one seen for
Safe Driving on the Examples (a2) and (c2). Large areas over
the face negatively contribute to the prediction in (b3) and
(d3). Instead, (b2) shows that the area covered by the mask
has activated the classifier for the (incorrect) Yawn class,
whereas (d2) shows other areas of the image activating the
(incorrect) Look Right class. These examples suggest that
the classifier is confused by the face obstruction.

We have evaluated several examples, and they show sim-
ilar activation patterns, supporting our conjecture that the
CNN models are confused because of the lack of facial traits.

Takeaway: Drivers wearing masks reduce classification
performance significantly if DAR and VDC rely on models
trained without subjects wearing face masks. Activation map
inspection suggests that CNN models are confused by the
missing features of subjects’ faces. In the VDC scenario
(CONF2) the average F1-scores drop from 0.90 to 0.69.

C. T3 — Training and testing with and without masks

Last, we repeat the cross-validation experiments, but this
time models are both trained and tested using pictures of
drivers with/without face masks.

Fig. 3(T3 row) shows that model performance metrics
improve from T2, and are closer to the ones in T1. For
example, the classifier built in CONF2 is able to identify
Safe Driving again – compare numbers in the matrix in
Fig. 3(c3) to those in Fig. 3(c2). Similar patterns can be
observed for CONF8 and CONF15. The confusion matrix for

the T3 experiment in CONF15 is also reported in details in
Fig. 5.

Yet, the performance observed in T1 is not fully recovered
in T3. Numbers in the fourth columns in the tables in Tab. II
quantify these aspects. F1-scores for most classes in T3 are
close to those in T1, but with small reductions, even if there
are increases for some classes (C05, C08, C11 and C14). On
average, the F1-score for CONF15 jumps from 0.60 in T2 to
0.71 in T3, remaining slightly below the 0.76 obtained in T1.
Similar patterns are observed for the other configurations.

Again, manual inspection of the activation maps (see
discussion for Fig. 4) suggests that the lack of facial features
for subjects wearing masks is behind the performance degra-
dation when comparing T3 to T1. Proving such conjecture as
well as searching for other CNN models able to compensate
for the presence of the face masks are left for future work.

Takeaway: Including drivers wearing face masks in train-
ing sets recovers most of the performance degradation ob-
served for baseline models (without face masks). Yet, the
tested CNN models are still penalized. We conjecture that
the lack of important facial features prevents results from
returning to the levels of the baseline scenario.

VI. CONCLUSION

We investigated whether drivers wearing face masks have
an impact on the classification performance of systems
supporting DAR and VDC tasks. For performing a fair and
thorough comparison, we introduce MASKDAR, a dataset
for action recognition of drivers wearing face masks. Our
results showed that the presence of drivers wearing face
masks degrades the performance of classifiers built without
taking such new scenario into account. The inclusion of
subjects wearing face masks mostly recovers the classifiers’
performance, even if some performance degradation still
remains.

While MASKDAR allows to test our research question, we
also acknowledge the fact that it is recorded in lab conditions,
with a limited diversity of subjects. Moreover, we restricted
our research on the classification of still images. The impact
of face masks in video classification (like in [19]) is also a
relevant question.

Inspection of the activation maps (see discussion for
Fig. 4) suggested that the lack of facial features for subjects
wearing masks is behind the performance degradation of T2.
Systematically proving such conjecture as well as searching
for other CNN models able to compensate for the presence
of the face masks are left for future work.
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