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Abstract
Models for speech quality prediction are commonly
trained on speech data which has been recorded in a
studio environment, artificially degraded by target im-
pairments and then judged by listeners in a laboratory
test, under quiet conditions. This guarantees maximum
control over the process, but lacks realistic acoustic envi-
ronments and recording/playback devices. In the paper,
we describe an approach to collect speech files under dif-
ferent background noise conditions in a crowdsourcing
environment, degrade these files by common network im-
pairments, and rate them again by crowdworkers in re-
alistic acoustic conditions. We present the recording in-
structions and procedure, as well as the automatic screen-
ing algorithm, analyze the resulting speech files with re-
spect to the acoustic target scenes, and the crowdsourc-
ing rating procedure and outcome. The dataset will be
made openly available to the research community, and
will be used for assessing the performance of popular
speech quality prediction models in the future.

Introduction
The prediction of speech quality judgements using al-
gorithms is a well-established and widely studied topic
in scientific work. Most such methods, or models, aim
at predicting the overall quality judgement, while oth-
ers also try to predict additional dimensions: Noisiness,
Coloration, Discontinuity, Loudness, etc. Commonly, de-
veloping and evaluating a model of this kind involves a
careful selection of data (speech files with correspond-
ing subjective judgements) to be used for training and
testing the model. Training data is usually defined to
reflect a variety of quality degradations, both simulated
and taken from real networks, as well as speakers and lis-
teners. Model candidates are optimized on this training
set and then their performance is evaluated on a separate
test dataset. Thus, the performance of speech quality
prediction models depends on the nature of the training
and test data.

The traditional approach to collecting speech data would
be to conduct laboratory experiments in a standardized
way under controlled conditions [1]. Although these ex-
periments are highly reliable and repeatable, they also
tend to be time-consuming and expensive to conduct.
Moreover, not all degradations encountered in real life
networks can be easily reproduced in laboratory condi-
tions. This can lead to not only limited, but also ecolog-
ically invalid data. On the other hand, a crowdsourcing

approach of employing an anonymous crowd of internet
users via a microtask platform can be used. Crowdsourc-
ing offers major benefits for collecting data, including
lower costs, higher speed and access to a diverse group of
participants. However, crowdsourced data can be unreli-
able, as data is collected under less controlled conditions:
various non-calibrated recording or listening devices, am-
bient noise, non-compliant participants.

In recent years models for speech quality prediction based
on machine learning techniques rose in prominence for
their efficiency and robustness in terms of generalization
to unseen data [2]. In turn, such prediction models re-
quire a substantial amount of training data to avoid over-
fitting. Traditionally, subjective laboratory tests need to
be carried out for collecting data sets, which results in
limited data. Crowdsourcing was shown to be a valid al-
ternative for collection of subjective quality ratings and
was adopted as an international standard [3]. Still, the
validity of using crowd as a speech recording source and
its impact on subjective quality prediction models has
not been analyzed yet.

This paper describes an approach for collecting speech
data in a crowdsourcing environment. We present the
recording procedure, further processing in form of au-
tomatic screening and parameter estimation, introduced
artificial network degradations, and the crowdsourcing
rating procedure. A brief discussion of findings and an
outlook into the future work concludes the paper.

Data Collection
The data collection procedure illustrated in Figure 1 in-
cluded several steps: first, speech files were recorded in
the crowdsourcing environment; then necessary screen-
ing and degradations were applied to the collected data;
finally, the resulting recordings were rated by another
group of crowdworkers. Speech files were collected in
German language, and participants from D-A-CH re-
gion (Germany, Austria, Switzerland) were recruited via
crowdsourcing platform Crowdee [10]. Thus limiting the
scope of crowdworkers recruitment might have adversely
affected the speed of data collection, but as we aimed for
the creation of a speech database in German language, we
had to ensure that native speakers do the recordings and
judge their subjective quality. In the following sections
we will go through the data collection procedure step by
step, presenting detailed descriptions for each stage.
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Figure 1: Flow diagram of data collection procedure. High-
lighted in red are tasks done in the crowd

Recording Task
Before recording the speech file crowdworkers were asked
to provide following information:

- Gender: male/female/diverse

- Age

- Device used for the recording:

• Smartphone with a built-in microphone

• Smartphone with a headset or external micro-
phone

• Laptop with a built-in microphone

• Laptop with a headset or external microphone

By collecting age and gender information we could ensure
a demographically balanced database, with equal num-
bers of male and female recordings, as well as reason-
able age distribution among the participants. The self-
reported device information was later used to study the
effect of the recording setup on the resulting speech file.
Other technical information related to the device (such
as the operating system and software versions) was also
collected during the recording and could serve as a way
to prove truthfulness of crowdworkers when compared to
self-reported device information.

Each recording task included a description of acoustic
scene (also referred to as condition) to record in from the
following list:

1. At home, silent background: Du bist zu Hause und
es gibt keine Hintergrundgeräusche.

2. At home, TV on: Du bist zu Hause und der Fernse-
her läuft.

3. At home, open window: Du bist zu Hause und an
einem offenen Fenster - Straßen-/Verkehrslärm im
Hintergrund hörbar.

4. At home, other background noise: Du bist zu Hause
und es gibt Hintergrundgeräusche (z.B.: Personen
unterhalten sich, Haushaltsmaschinen arbeiten).

5. At the office: Du bist im Büro.

6. On the street: Du befindest dich auf dem Bürgersteig
neben einer Straße.

7. In the park: Du bist in einem Park.

8. In the shopping mall: Du bist im Einkaufszentrum.

9. Subway/metro station: Du bist in einer U-Bahn
oder auf einem U-Bahnhof.

10. In the car: Du bist im Auto.

11. In the cafe/restaurant: Du bist in einem Café oder
Restaurant

We introduced a broad variety of target conditions in
these descriptions to enable the diversity of resulting
natural recording degradations. Although there was no
possible way to enforce crowdworkers to complete the
recording task in the aforementioned acoustic scenes, the
recordings often reflect corresponding conditions, and
that is clearly audible in the speech files.

After providing initial information and confirming that
the surrounding acoustic scene represents the required
condition, crowdworkers were asked to start the record-
ing and read out loud one of the five sentences taken
and adapted from the Nautilus Speaker Characterisation
Corpus script [4] and Short Conversation Tests of ITU-T
Rec. P.805 [7]:

1. Guten Tag, mein Name ist Schmidt. Ich hab
eine Frage bezüglich meiner Krankenversicherung.
Ich hab von meinem Hausarzt ein Rezept über
10 Physiotherapie-Anwendugen bekommen. Deshalb
wollte ich mal fragen, ob Sie die Kosten in vollem
Umfang übernehmen?

2. Guten Tag, mein Name ist Hoffman. Ich habe eine
Frage zu meinem Mietvertrag. Wie Sie wahrschein-
lich sehen, hab ich das Mietverhältnis schon zum
nächstmöglichen Termin gekündigt. Ich möchte aber
schon früher raus und habe einen Nachmieter gefun-
den.

3. Guten Tag, mein Name ist Weinmann. Ich habe
eine Frage zu meiner Reservierung bei Ihnen. Ich
habe mir für nächste Woche einen Umzugstrans-
porter reserviert. Es gab jetzt Änderungen in der
Planung und darum müsste mein Sohn den Trans-
porter fahren. Ist das möglich?

4. Guten Tag, mein Name ist Eckhard. Ich habe eine
Frage zu meinem Handytarif. Ich hab in meinem
Vertrag viele Frei-SMS, die benutze ich aber kaum.
Ich würde auf die SMS gern verzichten und meine
Frei-Minuten dafür erhöhen. Ist das möglich?

5. Mit einem Male kam die Sonne durch. Das Telefon
klingelt wieder. Im Fernsehen wurde alles gezeigt.
Alle haben nur einen Wunsch.

The sentences 1-4 were chosen in a way to closely re-
semble the real life conversation piece while keeping the
recording duration at around 15-20 seconds. Sentence 5
is a traditional phonetically balanced test sentence that
has been widely used in German speech datasets.
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Processing
As no human moderation was present during the speech
data collection, and there was little control over the
recording procedure, it was necessary to introduce au-
tomatic screening in form of Voice Activity Detection
(VAD) to detect and exclude empty and non-vocal
recordings.

Two distinct methods were implemented and used for
this purpose: WebRTC VAD tool [9] and Method B of
ITU-T Rec. P.56 [6]. Even though these methods are
based on different algorithms, they both proved to be
efficient and reliable, showing similar results of approx.
70% speech present in the recordings on average. In this
part of processing stage Voice Activity Detection tools
were used to detect and remove empty recordings that did
not contain significant speech component — the criterion
was set to 20% of speech component present in the file).

Variety of devices used by crowdworkers to record speech
files led to inconsistencies in the resulting data. To bet-
ter evaluate this effect and properly apply further artifi-
cial degradations we implemented bandwidth and Active
Speech Level estimations. Speech file bandwidth was de-
termined according to Section 7 of ITU-T Rec. P.800.1
[8] in a band-wise way while leaving some space between
band limits and roll-over frequencies to make the esti-
mator more robust. Active Speech Level was calculated
from the recordings according to Method B of ITU-T
Rec. P.56 [6].

During the speech file collection varied degradations nat-
urally occurred and affected the quality or the result-
ing recording. However, this task was performed offline,
and only after the recording had been completed the
speech file was transmitted to the crowdsourcing plat-
form via a reliable connection. To better simulate real
world conditions we introduced artificial network degra-
dations, mainly in the form of packet loss. The recordings
in the silent acoustic scene (Condition 1) were examined
by experts to select which samples to use as a reference
signal. Then to mimic real audio file sending over the
transmission channel samples were encoded with Opus
codec, had packet loss applied to them, and then de-
coded with the same codec. In total, 50 samples were
selected and following degradations were applied to each
of them:

• Packet Loss 3%, bursty

• Packet Loss 6%, random

• Packet Loss 15%, bursty

• Packet Loss 25%, random

This resulted in additional 200 artificially degraded files
that were included in the database for subsequent rating
task.

Rating Task
Processed speech files were then introduced to a different
group of crowdworkers for collection of subjective speech
quality judgements — ratings. Participants were again
recruited from D-A-CH region via crowdsourcing plat-

form Crowdee. We used a modified version of the open-
source P.808 toolkit [5] to collect following quality rat-
ings:

• Overall Quality / Gesamtqualität

• Discontinuity / Diskontinuität

• Suboptimal Loudness / Suboptimal Lautstärke

• Noisiness / Rauschen

• Coloration / Klangfarbe

Since the speech files were recorded in German language,
the quality assessment tests were also conducted in Ger-
man, hence the need for the toolkit modification. Oth-
erwise the rating procedure was implemented and run
according to ITU-T Rec. P.808 [3], Absolute Category
Rating variant, including the environment and headset
usage tests, periodic training with the anchoring stimuli,
trapping and gold-standard inputs.

Findings and Outlook
The aim of this work is to collect 110 speech recordings
per each of 11 conditions — acoustic scenes. With the
addition of 200 files degraded by artificial means, total
size of the database would be 1410 files (by the time of
data analysis only 810 speech recordings were present in
the database). However, not all of the collected record-
ings contained sufficient speech data, and 62 of them were
excluded from the database on the basis of Voice Activ-
ity Detection tool scores. Figure 2 demonstrates that a
typical recording lasted for 15-20 seconds, and on aver-
age vocal components amounted to approx. 70% of the
resulting file. As sentence 5 was relatively shorter com-
pared to the others, corresponding recordings decreased
in duration; average vocal component in these samples
stayed similar at 71%.

Figure 2: Average length of the recorded samples and esti-
mated speech segment duration, per each sentence.

From the collected metadata we can acquire a better
understanding of a typical recording setup used by the
crowdworkers. The distribution of device types utilized
in the recording task is presented in Table 1. This in-
formation illustrates variety of recording setups: most of
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participants utilized laptops (either with internal or ex-
ternal microphones) to complete the task; in turn, signif-
icant number of smartphone-generated samples are also
present in the database.

Table 1: Devices used by crowdworkers in the recording task.

Device L-Int L-Ext S-Int S-Ext
Samples 362 229 187 32

Recording was naturally affected by the setup, both in
terms of occurring degradations and speech file character-
istics. Bandwidth estimation showed a significant variety
in the recordings, as is demonstrated in Table 2. Most
modern devices employed by the crowdworkers, it ap-
pears, are capable of recording in full band mode. Such
data, when used during training of a quality prediction
model, might improve its robustness. However, this claim
is to be validated in the future work.

Table 2: Number of recordings per estimated bandwidth.

Bandwidth NB WB SWB FB
Samples 23 224 125 376

Figure 3 shows Active Speech Level of the recordings
sorted by device type employed by the participants. Lap-
tops demonstrate greater variety of ASL in recorded
speech, while smartphones appear to be more uniform
in this respect. On average, mean ASL of -23.6 dB was
observed, which is in line with the ITU-T Rec. P.800 [1]
that determines the recommended Active Speech Levels
during the recording process in laboratory conditions.

Figure 3: Active Speech Level calculated according to
Method B of ITU-T Rec. P.56, per device type.

Expert review of the collected data further demonstrated
that crowdworkers tend to comply to imposed conditions,
as corresponding acoustic scenes are often clearly audible
in the recordings. Automatic screening measures could
not account for non-native speakers, whose insignificant
(less than 1% of the total number) presence was detected
by the expert review.

The proposed approach for collection of speech samples
in the crowd was demonstrated to result in ecologically
valid, diverse data with varied acoustic scenes and degra-
dations. This dataset will be used for assessing the per-
formance of objective quality prediction models on more
realistic data compared to the traditional dataset. The
collected database including speech recordings, subjec-
tive quality ratings and metadata will be made publicly
available for research purposes.
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