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Abstract

In this paper, we present a new multimodal corpus called
Biometric Russian Audio-Visual Extended MASKS (BRAVE-
MASKS), which is designed to analyze voice and facial charac-
teristics of persons wearing various masks, as well as to develop
automatic systems for bimodal verification and identification of
speakers. In particular, we tackle the multimodal mask type
recognition task (6 classes). As aresult, audio, visual and multi-
modal systems were developed, which showed UAR of 54.83%,
72.02% and 82.01%, respectively, on the Test set. These per-
formances are the baseline for the BRAVE-MASKS corpus to
compare the follow-up approaches with the proposed systems.
Index Terms: mask type recognition, face masks detection,
computational paralinguistics, corpora annotation, data aug-
mentation, machine learning, COVID-19

1. Introduction

Since the end of 2019, all countries have faced the rapid spread
of the pandemic caused by COVID-19. The fight against it con-
tinues to the present. Many leading scientific groups and global
industrial corporations from various scientific fields, such as
medicine, biology, computer science, and others, have focused
on solving the global problem of reducing the number of in-
fected people around the world [1] and have been conduct-
ing research and development of intelligent technologies that
will create effective solutions to prevent the spread of COVID-
19. Using personal protective equipment or medical masks can
reduce the abnormally high rate of spread of respiratory dis-
eases [2, 3]. Systems for automatic analysis of the facial and
voice characteristics of a person in a mask can help coping
with this issue. Using such a system is not limited only to
COVID-19. Masks have been in use in Asia even before the
coronavirus [4]. One of the most important steps in develop-
ing an automatic recognition system is training data collection.
Mask Augsburg Speech Corpus (MASC) [5] and Mask Sor-
bonne Speech Corpus (MSSC) [6] are speech corpora, which
contain audio recordings of speakers with and without medi-
cal masks. Moreover, MSSC is a synthetic corpus as it was
recorded using a synthetic voice generator held in a block of
high-density foam. MAsked FAce (MAFA) [7] and Labeled
Faces in the Wild (LFW) [8] are visual corpora that contain im-
ages of various faces in masks. However, systems that combine
both modalities can greatly improve mask recognition accuracy
with respect to systems based on the audio or video information
only [9]. Besides, a large amount of multimodal data is required
to develop an audio-visual recognition system. Collecting mul-
timodal corpora is not a trivial process. It requires a lot of time,
and human resources, participants, as well as special equip-
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ment [10]. There exist several bimodal corpora that include
some face masks, mostly related to forensics (motorcycle hel-
mets, balaclavas, rubber masks, and hoods with scarfs) [11, 12].

In this paper, we present our Biometric Russian Audio-
Visual Extended MASKS (BRAVE-MASKS) Corpus. Addi-
tionally, we propose a multimodal system for mask type recog-
nition (6 types of masks), based on pre-trained deep neural net-
works (DNN) that nowadays demonstrate state-of-the-art per-
formance in emotion [13] and speech [14] recognition, speech
synthesis [15], image classification [16], object detection [17],
as well as they are useful for feature extraction [18].

The layout of the paper is organized as follows. In the next
section, we provide a brief background of the methods used in
the study. In Section 3, we describe the BRAVE-MASKS cor-
pus and the data collection process. In Section 4, we present
recognition system development steps including the proposed
pipeline. Experimental results are presented in Section 5, while
conclusions are given in Section 6.

2. Background
2.1. Transfer learning

Nowadays, transfer learning [19] is a dominant approach of
DNN machine learning when dealing with scarce data in many
fields such as computer vision [20], natural language process-
ing [21], and speech recognition [22]. In this study, we use pre-
trained audio neural networks (PANNSs) [23] that demonstrate
state-of-the-art performance in audio pattern recognition.

For the video modality, we use a pre-trained object detector.
There are many object detectors, e.g., RetinaNet [24], Yolo [25],
R-CNN [26], SPPnet [27], etc. However, the object detectors
from the Yolo Family greatly outperform other ones in terms of
accuracy and processing speed [28]. In that regard, we used
open source codes' to train Yolov5 models.

2.2. Data augmentation

Usually a data augmentation procedure allows improving a gen-
eralisation ability of models in the face of data scarcity [29, 30,
31]. Specaugment [32] is one of techniques for augmenting au-
dio data. This technique applies a mask on the frequency and
time scales. Specaugment simulates a microphone dysfunction
in a particular time or signal disappearance in some frequency
bands because of an echo.

Mosaic, color space adjustments, and scaling are popular
techniques for augmenting video data. Unlike the last two meth-
ods, mosaic [33] mixes several random training images. This
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allows combining various classes not presented together in a
training set.

3. BRAVE-MASKS corpus

The corpus contains multi-angle images of different person’s
faces in protective masks of many kinds, as well as audio
recordings of continuous Russian speech of people in masks.
The multimodal data were recorded using three devices: two
Apple iPhone XS Max (left, right) smartphones and an Apple
iPad Pro (center) tablet in regular office conditions in front of
a heterogeneous background. A Boya BY-M1 microphone was
connected to one phone. As shown in Figure 1, three continuous
audio-video recordings were made simultaneously. Currently,
the corpus contains recordings of 30 native Russian speakers
(15 males and 15 females, aged from 19 to 86 y.o., mean age
is 40.84, std. dev. is 19.02), both wearing various protective
masks and without them. Figure 2 displays age and gender dis-
tributions of the informants. The informants performed various
tasks and scenarios both without a mask and wearing several
different protective masks (disposable medical masks, reusable
tissue masks of various colors and prints, medical and special
respirators both with and without filters, and protective face
shields). In total, different protective masks of 33 types were
used (see Figure 3). Then similar protective masks were com-
bined into one class. Thus, we had 6 classes (types of masks):
tissue mask (TM), medical mask (MM), FFP2 and FFP3 pro-
tective masks (PM), respirator (R), protective face shield (PFS),
and no mask (NM). Each informant was recorded in 6 sessions
in 3 channels: once without any mask and 5 times wearing 5 dif-
ferent masks. The corpus consists of two parts: bimodal (audio-
visual data) and unimodal (video data).

3.1. Bimodal part

The bimodal part contains audio-visual recordings of speech
statements. The audio data was sampled at 48 kHz, 16 bit,
mono format. Parameters of the video data are equivalent to the
unimodal part (see Section 3.2). All the speakers were asked
to read sentences from the Russian national standard 50840-
95 ”Speech transmission over communication paths. Methods
for assessing quality, intelligibility and recognition”, different
for each speaker, and from one phonetically representative text;
they also answered some questions and described proposed pic-
tures (e.g., on sport activities, family, kids, food, and countries).

3.2. Unimodal part

Various speaker’s head positions and rotations performed dur-
ing bimodal part recording were not enough to train the object
detectors. Therefore we additionally recorded the unimodal part
containing only video (without audio) recordings of head rota-
tions (clockwise and counterclockwise) from 8 different points
in the room: from a distance of from 0.9 (for audio setup) to
3.2 meters (for video setup) at different angles. Parameters of
the video files: resolution of video data is 4K 3840x2160 pix-
els, frame rate is 60 (for smartphones) and 30 (for tablet) frames
per second, color is 24 bits per pixel.

3.3. Corpus annotation

The data of each informant was recorded continuously, so we
have split the obtained files into sessions and utterances. Adobe
Premiere Pro and Audition were used to synchronize three
channels and segment them into sessions and utterances, re-
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Figure 1: The BRAVE-MASKS corpus recording setup.
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Figure 2: Informants’ age and gender distribution in BRAVE-
MASKS.
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spectively; after that, the obtained data were further split into
Train/Development/Test sets in a speaker-independent way with
approximately the same distribution by age and gender classes
(see Table 1).

For each channel of the bimodal part we obtained 30 speak-
ers X 6 masks x 83 utterances = 14940 video files, in total
21 h 00 min 09 sec. Speakers’ utterance length varied from
0.42 to 514.9 sec (for the longest spontaneous narrative).

All recorded video files in the unimodal part with head
rotation (30 speakers x 3 channels X 2 rotation scenarios =
180 videos) were cut into fragments for each mask (180 videos
x 6 masks = 1080 fragments). A set of one frame per second
was extracted from each fragment. Sets of 7800 to 13300 im-
ages (the mean is 9350) were extracted from the video record-
ings of each person in JPG format. Additionally, we have per-
formed a region-of-interest (or mask bounding boxes) annota-
tion. For this, the RetinaFace detector [34] was used. This de-
tector showed its efficiency in our previous research [35]. We
found out, that this detector had a lot of false positives (various
non-face objects), so we had to manually check annotations for
each frame and remove erroneous cases.

Table 1: Number of instances per mask class in the
Train/Development/Test sets for 1 channel. Prot: Protective.

Class (mask type) Train Dev.  Test >
No mask (NM) 1328 664 498 2490
Tissue mask (TM) 2490 1328 830 4648
Medical mask (MM) 1079 581 332 1992
Protective mask (PM) 2407 913 996 4316
Respirator (R) 166 166 166 498
Prot. face shield (PFS) 498 664 166 996
> 7968 3984 2988 14940
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Figure 3: Samples of informants in various protective masks
(mask type in left lower corners)

4. Mask Type Recognition Task

The pipeline of the proposed multimodal system for mask type
recognition is shown in Figure 4.

All the DNN models were trained on 30 epochs, the mini-
batch sizes were 64 (for audio) and 3 (for video). We have
used the Adam optimizer with the Cosine Annealing Warm
Restarts [36] scheduler. The learning rate ranges from 0.001
to 0.0001. All the models were implemented using the PyTorch
software framework [37]. In order to increase the training data
size, we used some online data augmentation techniques de-
scribed above.

We have used a weighted fusion technique [9, 13] to fuse re-
sults (hypotheses) of audio and video sub-systems. To do this, a
1000 x 6 x 2 tensor was randomly generated using the Dirich-
let distribution, where 1000 is the number of weight matrices, 6
is the number of classes, and 2 is the number of modalities (sub-
systems). The weight matrix was chosen on the Development
set according to the maximum performance measure. Then, this
matrix was applied to the Test set.

4.1. Audio-based Mask Type Recognition

At first we extracted audio data from multimedia files and
downsampled them to 16 kHz, after that we used Silero® Voice
Activity Detector (VAD). Each audio file was cut into some
short fragments with the length and step of 1000 ms and 500 ms,
respectively. Spectrograms are often used for speech analysis
for decades because they provide meaningful information on
the voice in the image form [38]. Therefore, we used MelSpec-
trograms with 64 Mel filterbanks.

From the PANNs [23] we selected 3 CNN models: 6, 10
and 14-layer CNNs. The 6-layer CNN consists of 4 convolu-
tional layers with the kernel size of 5 x 5. The 10 and 14-layer
CNNs consist of 8 and 12 convolutional layers, respectively,
with a kernel size of 3 x 3. The remaining layers are fully-

Zhttps://github.com/snakersd/silero-vad
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Figure 4: The pipeline of the proposed multimodal system for
mask type recognition. VAD: Voice Activity Detector. PANNs:
pre-trained audio neural networks.

connected. Batch normalization and ReLU non-linearity were
applied in between each convolutional layer. Convolutional lay-
ers with kernel size equal to 3 x 3 are grouped by two into one
convolutional block. Average pooling was used as the last layer
of each convolutional block. After all convolutional blocks a
global pooling was applied to summarize feature maps into a
fixed-length vector. We used models with pre-trained weights,
which are distributed by the authors of the PANNs. The last
fully-connected layer was replaced by a new one and obtained
models were fine-tuned. In order to fuse the predictions, we
used the window-wise majority voting technique.

4.2. Video-based Mask Type Recognition

We used images with bounding boxes to train our object detec-
tor and score its performance on the Development and Test sets
for video modality of both bimodal and unimodal parts. We ex-
perimented with several Yolov5 versions and selected Yolov51
because it outperforms shallow versions (Yolov5s, Yolov5m) in
terms of accuracy. All YolovS versions have 4 modules: Input,
Backbone, Neck, and Head. The last three modules are respon-
sible for feature map formation, their transformation (mix and
combine) and the prediction of bounding boxes and classes, re-
spectively. Model versions differ in the number of convolutional
layers and residual blocks. Yolov5l has 110 and 33, respec-
tively.

Since we used an object detector for the visual mask type
recognition method and not a simple classification as in the case
of audio, some thresholds were set in the development and test
protocol. Face regions were considered at which the thresholds
of Intersection over Union (IoU) and confidence were at least
50% and 70%, respectively. If several objects (classes) corre-
spond to this condition, then the one in which the model has the
maximum confidence is considered as the correctly predicted
object.



Table 2: Results of the Audio (A) and Video (V) systems on the Development and Test sets (center video channel only). Part: bimodal (B)
or unimodal (U) data on which the systems were validated and tested. All performance measures are class-wise unweighted averages
(macro) in %. The best results for the audio sub-system are highlighted in bold. *: The result of this sub-system is calculated for 3
channels and is not comparable with the results of other sub-systems in the table.

Dev. Test

# Modality Sub-system /System Part Recall Precision F-score Recall Precision F-score
1 A 6-layer CNN B 52.02 60.40 53.68  43.81 62.73 46.49
2 A 10-layer CNN B 60.36 64.80 60.34  54.65 61.18 54.16
3 A 14-layer CNN B 62.07 64.32 61.74 54.83 63.65 56.97
4V Yolovs B 78.11 90.15 7598  72.02 75.28 73.01

U’ 82.51 87.61 8453  83.83 88.90 85.96
5 A&V Fusion of Sub-systems 3 & 4 B 94.32 93.11 93.57  82.01 92.95 85.88
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Figure 5: The weight matrix optimized on the Development set
for the final Sub-system 5. W a: the weights for Sub-system 3.
Wi the weights for Sub-system 4.

5. Experimental Results

We present baseline experimental results on the Development
and Test sets; we did not use these sets to train the models.
Moreover, we used only the Development set for neural net-
works hyper-parameters tuning. Table 2 summarizes results of
the proposed systems. We chose the Unweighted Average Re-
call (UAR) as the baseline performance measure because mask
classes in the BRAVE-MASKS corpus are imbalanced.

As can be seen from the results of the audio modality, with
increasing model complexity and number of parameters, the
performance of the mask type recognition sub-system on the
Development and Test sets increases. Thus, the 14-layer CNN
(Sub-system 3) showed the best performance. YolovS model
(Sub-system 4) was trained on the unimodal part and tested on
the bimodal and unimodal parts of the BRAVE-MASKS cor-
pus so that researchers could compare the performance of the
follow-up approaches with the proposed sub-system without au-
dio modality. Thus, we chose the best sub-systems for the fu-
sion, namely Sub-systems 3 & 4. Since both sub-systems output
a class label instead of a probability, we have to transform each
prediction of the model into a one-hot vector to weight the re-
sults of the two sub-systems. The weight matrix is shown in
Figure 5.

It can be seen that the contribution of each sub-system in the
final system is approximately the same for the NM class. The
Sub-system 5 relies on the results of the Sub-system 4 to pre-
dict TM, MM, and PM classes, while the remaining classes are
well predicted by the Sub-system 3. This is expectable and well
explained by the confusion matrices (see Figure 6). The Sub-
system 3 recognizes TM, MM, and PM classes much worse,
unlike the Sub-system 4. At the same time, Sub-system 3 con-
fuses MM and TM classes; that means that the acoustic features
of these classes are practically the same. The Sub-system 4
could not recognize the R class at all. This is probably due to
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Figure 6: Confusion matrices of the Sub-system 3, Sub-system
4 and the diagonal elements of the confusion matrix of the Sys-
tem 5 obtained on the Test set. A: audio. V: video.

the fact that at the training phase for Yolov5 model there were
not enough samples of full-face of the R class for a good model
generalization. Thus, the combination of the two sub-systems
allows compensating weak points of each unimodal sub-system.

6. Conclusions

In this paper, we present a new multimodal corpus called
Biometric Russian Audio-Visual Extended MASKS (BRAVE-
MASKS) to analyze voice and facial characteristics of persons
wearing masks. The detailed description and samples of the
BRAVE-MASKS corpus can be found at the web-page®. In ad-
dition, we propose mask type recognition systems. However,
the use of this corpus is not limited only to this task. As a re-
sult, audio, visual and multimodal systems were developed for
automatic recognition of the mask type (6 classes) of speakers,
which showed UAR of 54.83%, 72.02% and 82.01%, respec-
tively, on the Test set.
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