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ABSTRACT

The task of Mask-Speech Identification (MSI) aims at judging
whether a chunk of speech is pronounced when the speaker
is wearing a facial mask or not. Most of the existing related
research focuses on investigating the influence of wearing
a mask, which only adapts in some certain cases to speech
analysis. Thus in order to generalise the research on MSI,
we propose an MSI approach using deep networks on Low-
Level Aggregation (LLA) for speech chunks. The proposed
approach benefits from data augmentation on Low-Level
Descriptors (LLDs), resulting in more adaptation to deep
models through inputting much more samples in training
without employing pre-trained knowledge. Experiments are
performed on the dataset of Mask Augsburg Speech Corpus
(MSC) used in the INTERSPEECH 2020 ComParE challenge,
considering the influence from employing different strategies.
The experimental results show effectiveness of the proposed
approach compared with the ComParE challenge baselines.
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1 INTRODUCTION

Computational paralinguistics make it possible to extract
latent knowledge in audio signals (i.e., spoken signals) from
human beings or animals [1-3]. Typical paralinguistics-related
topics include emotion and personality recognition [4-6],
autism diagnosis [7], native-speaker identification [§], or eat-
ing classification [9]. As an emerging topic in paralinguistics,
Mask-Speech Identification (MSI) attempts to automatically
distinguish whether a spoken utterance is pronounced by
its speaker with or without a surgical mask [4]. Through
taking effective measures, the research of this topic can
make sense in detecting mask wearing in public areas to
prevent the spread of epidemics, for example, the spreading
of COVID-19 [10, 11]. In addition to the usage of surgical-
mask detection, as a preprocessing step, MSI helps improve
robustness when cascading modules of linguistic (e.g., speech
understanding) [12, 13| or paralinguistic tasks (e.g., speaker
identification and emotion recognition) [14].

Nevertheless, current research in relation to the MSI task
relies on two aspects as follows. First, most existing works
focus on exploring the influence to analysing speech when
the speaker wears a mask [12, 14]. This leads to designing
processing strategies only for specific conditions on audio
signals. Furthermore, existing works achieved their best recog-
nition performance through transferring information from
pre-trained models [4, 15, 16], requiring additional compu-
tational and storage cost for local processors, in the case of
not choosing to pass all the raw features or digital signals to
remote processing units.

In view of the existing research, we propose an MSI ap-
proach using deep neural networks on Low-Level Aggregation
(LLA) for each utterance, without employing external in-
formation, e.g., from image datasets. The proposed LLA
approach includes three steps: low-level-descriptor extrac-
tion, deep-network training, and decision on aggregation. We



utilise the Low-Level Descriptors (LLDs) [4, 7, 17] to obtain
low-level features without knowing any pre-trained frame-
work, in order to reduce the workload of local processors when
providing limited bandwidth for transmission. Note that our
strategy takes a much less complicated pipeline for feature
extraction compared with Ref. [18-20]. The contributions
of this paper can be summarised as making use of low-level
aggregation to achieve data augmentation and avoiding using
external pre-trained models.

The remainder of this paper is organised as follows. Sec-
tion 2 introduces the MSI data investigated in this paper,
while Section 3 provides the methodology used for data pro-
cessing. Then, experimental results and their corresponding
analysis are presented in Section 4 to show the performance.

2 THE DATASET

We employ the ComParE-challenge dataset of the Mask Augs-
burg Speech Corpus (MASC) [4] in investigating the task of
MSI, containing German speech chunks from 32 native speak-
ers (16 female), with the ages ranging from 21 to 40 years.
The unpaired speech chunks in the dataset cover the cases
speaking with and without a surgical mask during the tasks
of answering questions, reading words (mainly used in the
condition of medical operation rooms), and describing pic-
tures. The dataset contains the samples with a fixed length
of one second for each chunk [4]. The unpaired chunks im-
ply that it is unavailable to directly build relationships each
pair of chunks only different on whether the speakers wear
a mask or not. The audio signals have been processed with
a sampling rate of 16 kHz, stored in the mono format. The
training set includes 10895 chunks (5542 with mask), while
the validation/test sets contain 7323 samples (4014 with
mask) for the validation set, and 7324 samples (3967 with
mask) for the test set, both from the original development
set in the challenge [4].

3 METHODOLOGY

As shown in Fig. 1, the proposed approach makes use of raw
speech to obtain low-level descriptors to reconstruct a new
training set, instead of the original set consisting of chunk-
level features or representations. Then, a deep neural network
containing a one-dimensional-convolutional layer and mutiple
fully-connected layers is trained on these descriptors with
pre-processing. Finally, for the aggregation step, we collect
the corresponding outputs to get low-level decisions and infer
the predicted label for a chunk sample in the validation or
test set.

3.1 Low-Level Descriptors

For the steps of processing raw speech signals, we consider the
acoustic low-level descriptors provided in ComParE, includ-
ing 65 LLDs and their delta descriptors, without considering
their functionals. The LLDs contain the categories of loud-
ness, energy, Zero-Crossing Rate (ZCR), RelAtive Spectral
TrAnsform (RASTA) auditory band, Mel Frequency Cep-
strum Coefficient (MFCC), spectral features, and FO-related
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Figure 1: A diagrammatic overview of the proposed
approach for mask-speech identification.
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features [7, 21]. This leads to n = 130 original and delta
LLDs in total for one low-level cell. Afterwards, we perform
the pre-processing steps of shuffling and normalisation. For
an arbitrary speech chunk, we note its chunk-level features
as ¢ = {Z.1,%.2,...,Z.m, } CRN" with their low-level labels
replicated from the corresponding chunk-level label y, where
my is the number of low-level samples for the chunk z.

3.2 The Deep Network

We design the deep network including two modules of a one-
dimensional convolutional layer and multiple fully connected
layers, both considering dropout to reduce overfitting. The
size of the convolutional layer’s perceptive field is set as
1 to perform feature mapping. Then, we add a five-layer
fully-connected intermediate structure of 2048-2048-1024-
512-256 [22, 23] and an output layer with binary outputs.
All the intermediate layers employ a Rectified Linear Unit
(ReLU) as the activation, while the output layer employs the
mapping of softmax.

For the binary-class loss function, focal loss without a-
balance is employed to focus on marginal samples [24], repre-
sented as

Lrr(pt) = —(1 —p:)” log(pe), (1)
where p; = p when the sample’s label is positive, while p;
1 — p otherwise, where p represents the network’s estimated
probability for positive cases. v > 0 is the tunable focusing
parameter. Note that we omit the a-balance variant (or
equivalently o = 0.5) in view of the balanced number of
samples for each class in the training set.

3.3 Aggregation

We implicitly regard the deep neural networks approxima-
tively as probabilistic models using the decision rule of Mazx-
imum A Posteriori (MAP). Thus, the deep network outputs
its low-level decisions using the data mapping f(-) predicted



through approximately maximising the probability as

f = argmax PO (). f@a),o San)})s ()

where the training chunk z; (i = 1,2,...,N) yields its deep-
network mapping f(z;) = {f(Zi1), f(Zi2),- .., f(Zim,;)} for
low-level samples and the label set of the training samples
Y ={y1,vy2,...,y~n}. m; represents the number of low-level
samples in the training chunk ;.

Afterwards, we induce the operator g(-) for low-level aggre-
gation, which outputs the final decision for a chunk through
aggregating all the low-level predictions. Note that we per-
form majority voting [25] on binary low-level decisions, or
average the network’s softmax outputs [26] as the aggregation
methods, with a threshold of 0.5. Note that the first aggre-
gating method provides more robustness due to its binary
decisions, while the softmax method makes the aggregation
more accurate through using real values. Using the aggrega-
tion g(+), the predicted label of the arbitrary chunk sample z
can be

9= 9({f(@1), f(@2),-. . f(@m.)})-

4 EXPERIMENTS

4.1 Experimental Setup

We keep the measure Unweighted Accuracy (UA) [27] or
equivalently the unweighted average recall in the experiments,
as in the ComParE challenge [4].

The operation of extracting LLDs in the experiments con-
tains the frame size of 60 ms (for F0-related LLDs) or 20 ms
(for the remaining LLDs) with a frame rate of 10 ms, using the
oPENSMILE toolkit (version 2.3.0) [4, 28, 29]. We note the
LLDs using the ComParE setup as ‘LLDComParE’, due to
their usage in the feature set of ComParE [4, 7]|. Accordingly,
this procedure generates over one million low-level samples
for training.

We utilise Adaptive moment estimation (Adam) as the
optimiser in our deep structures, with the initial learning
rate set to 8 x 107% and the maximal number of epochs as 30.
The batch size is set to 1024. The number of filters in the
single one-dimensional convolutional layer is set to 512. We
add dropout layers for the convolutional layer (dropout rate
0.2) and the first to the third fully connected layer (dropout
rate 0.5). For the loss function, we set v = 2 as in [24]. We
observed the performance per two epochs in the experiments
to save the best results, considering ten trials due to the
randomisation in training.

3)

4.2 Results and Analysis

Influence of Different Strategies:

We present experimental results for different strategies of
aggregation, low-level filtering, and convolutional filters, in
order to explore optimal setups of the proposed approach for
the current MSI task.

First, we examine the UA performance using different
aggregation types and low-level filtering strategies. The ag-
gregation types consist of majority voting and softmax combi-
nation, while we consider filtering the low-level samples with
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Table 1: The UA (%) comparison between the cases
of the proposed LLD based LLA using the aggre-
gation types including majority voting and softmax,
with and without using VAD filtering.

Approaches \ Sets [ Validation Set  Test Set
LLD (Majority Voting) 68.6 + 0.3 68.3 £0.3
LLD (Softmax) 68.4 £0.2 68.0 £0.2
LLD-VAD (Majority Voting) 64.9£0.3 64.4+£0.2
LLD-VAD (Softmax) 65.2£0.3 64.7£0.4

Figure 2: The UAs of the proposed approach using
majority voting for its aggregation, when consider-
ing 512, 256, and 128 (left to right, each) convolutional
filters on the set of validation and test.

or without a Voice Activity Detection (VAD) module for pre-
processing. Note that the VAD used here is designed through
simply setting a small threshold of 10~® on the LLD of F0
via SubHarmonic Summation (SHS) [28, 30]. Table 1 lists
the chunk-level UAs (including their average and standard
deviation) of the validation and test set, for the four cases
of the voting/softmax and with/without VAD. The results
indicate that the best performance of UAs appears in the case
of majority voting without VAD. Thus, we employ this setup
in our following experiments. On the aspect of aggregation
types, the better performance of the majority voting without
VAD may be due to its cutoff for reducing the noise from
the low-level predictions. As to the VAD pre-processing, the
results of Table 1 partially imply that unvoiced segments may
contain valuable information for MSI, e.g., unvoiced sound.

Further, it remains unknown on how to best choose the
number of convolutional layers. We therefore carries out
additional experiments with results given in Fig. 2, showing
the UAs for the proposed approach employing 512, 256, and
128 filters in the convolutional layer of the deep model. Note
that we utilise the majority-voting setup without VAD in
view of the results in Table 1. We perform a one-way A Nalysis
Of VAriance (ANOVA) with Scheffé’s posthoc method [31]



Table 2: The chunk-level and low-level UAs (%) for
the cases of using LLDComParE, MFCC, and PLP
as the low-level features, including the average UAs
and their standard deviations across the ten-time
repetition.

Features l Validation Set Test Set Development Set
Chunk-Level UAs:
LLDComParE 68.6 + 0.3 68.3 +0.3 68.5 +0.3
MFCC 67.4+0.5 66.2 £ 0.6 66.8 0.5
PLP 62.6 +£0.3 62.3+04 62.5 4+ 0.3
Low-Level UAs:
LLDComParE | 59.35 +0.12 59.35 + 0.08 59.35 + 0.09
MFCC 58.34 +£0.14  58.13£0.17 58.23 £ 0.16
PLP 57.39 +0.08  57.25 + 0.07 57.32 + 0.07

Table 3: The best UAs (%) in the existing literatures
and the proposed LLA approaches on the develop-
ment set.

Approaches Development Set
ComParE functionals [4] 62.6
BoAW [4] 64.2
ResNet50 [4] 63.4
S2SAE [4] 64.4
SpectralNet [19] 68.2
LLA-MFCC 67.6
LLA-PLP 63.0
LLA-LLDComParE (average) 68.5
LLA-LLDComParE (maximum) 69.0
LLA-LLDComParE (fusion) 69.1

on the test set, which indicates significantly better results
(p < 0.05) between the 512-filter and the other two cases.
Comparison:

We make a comparison between our proposed system and
state-of-the-art approaches on the development set.

The comparison is started by presenting the results of
the proposed approach using LLDs from ComParE (noted
as ‘LLDComParE’) on the development set, along with the
case of using MFCC and Perceptual Linear Predictive (PLP)
as the low-level features, in view of the usage of MFCC in
paralinguistic tasks [32] and PLP in speech synthesis [33]. The
experiments include using 39-dimensional MFCCs (MFCC 0
to 12 with their deltas and accelerations) and 18-dimensional
PLP, both with the frame size of 25 ms and the rate of 10 ms.
We set the maximal number of epochs for the two feature
sets both as 70, with the period of two. The results show that
as a type of low-level features, the LLDComParE performs
better compare with MFCC and PLP on both of chunk-level
and low-level aspects significantly (p < 0.01).

We now focus on examining the best UA results for the
proposed LLA approaches compared with the baseline re-
sults (ComParE functionals or LLDs with functionals, BoAW,
ResNet50 or the Deep Spectrum, and S2SAE or auDeep,
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Figure 3: Confusion matrices (including recalls and
the numbers) of (a) the baseline results (ResNet50)
and (b) the proposed LLA-LLD with fusion.

Table 4: The estimated numbers of features and the
corresponding pre-trained models for the proposed
approach and the approaches in the existing refer-
ences, employing pre-trained models.

References/Approaches [ Pre-Trained Models [ Est. # Feat.

Ref. [15] ResNet18,34,50,101 | 256.5k
Ref. [20] PANNs 100k
Ref. [4] (ResNet50) ResNet50 8k
Raw Speech _ 16k
LLA-LLDComParE - 6.5k

all using Support Vector Machines (SVMs)) [4] and the
performance of the approaches without using pre-trained
models [19], as shown in Table 3. The ‘fusion’ in the ta-
ble denotes fusing the decision of the top-two best UAs for
LLA-LLDComParE by simply operating ‘and’ on the ‘mask’
class. It can be learnt from the table that the proposed LLA-
LLDComParE performs better compared to the results in
these existing literatures.

For the purpose of making class-wise comparison, we anal-
yse the confusion matrices for the baseline (ResNet50) and
the proposed system (LLA-LLDComParE with fusion) in
Figs. 3a and 3D, respectively. The results indicate that the
proposed approach performs better, with the recalls of 67.5%
(for ‘clear’) and 70.6% (for ‘mask’), surpassing the baseline
recalls 57.7% (for ‘clear’) and 69.1% (for ‘mask’). This verifies
the better performance of the proposed approach on both of
the classes.

Finally, we consider the case of collecting a huge number
of chunks on terminal devices and sending them to remote
processing units, when using an extremely poor-quality com-
munication channel. In this case, it is important to reduce
the number of features. Thus, we make a comparison based
on the estimated numbers of features in a one-second chunk
(not truncating the low-level features at the end) between
our proposed LLA-LLDComParE and typical existing works
(without using pre-trained models on the terminal devices) in
Table 4. It is drawn from the comparison that the proposed
LLA-LLDComParE utilises a smaller number of features com-
pared with the works in [4, 15, 20]. Note that ‘Raw Speech’



represents the case of transmitting an original chunk. We tend
to directly use the original signal instead of the extracted
features when the dimensionality of features is extremely
high. In addition, the proposed approach makes it possible
to process the low-level units in accordance with low-bit-rate
channels [34], in which only 130 features are required at most
for each low-level cell.

5 CONCLUSION

This paper provided a novel approach for identifying mask-
speech chunks using deep neural networks through aggre-
gating on low-level descriptors. The proposed approach first
employed the low-level features to generate new samples.
Then, these low-level samples were input to a specifically
designed deep network, outputting their low-level decisions
for aggregation. We presented experimental results in order
to show the performance of the proposed approach on the
ComParE-challenge dataset. The results verified the better
performance for the proposed approach, compared with ex-
isting research and certain strategies. Future work should
focus on investigating more effective low-level features for the
procedure of the low-level aggregation, including the aggre-
gation on denser low-level sampling and pre-trained models
on segments.
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