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Abstract – Recently, exploring acoustic conditions of people in their everyday environments has drawn a lot of
attention. One of the most important and disturbing sound sources is the test participant’s own voice. This
contribution proposes an algorithm to determine the own-voice audio segments (OVS) for blocks of 125 ms
and a method for measuring sound pressure levels (SPL) without violating privacy laws. The own voice
detection (OVD) algorithm here developed is based on a machine learning algorithm and a set of acoustic
features that do not allow for speech reconstruction. A manually labeled real-world recording of one full day
showed reliable and robust detection results. Moreover, the OVD algorithm was applied to 13 near-ear record-
ings of hearing-impaired participants in an ecological momentary assessment (EMA) study. The analysis
shows that the grand mean percentage of predicted OVS during one day was approx. 10% which corresponds
well to other published data. These OVS had a small impact on the median SPL over all data. However, for
short analysis intervals, significant differences up to 30 dB occurred in the measured SPL, depending on the
proportion of OVS and the SPL of the background noise.

Keywords: Ecological momentary assessment, Own voice detection, Speaking time, Acoustic measurement,
Noise dosimeter

1 Introduction

Acoustic measures in everyday life are of great interest
for many research questions, such as noise dosimetry or
the behavioral analysis of people with hearing impairments.
To capture the actual sound exposure of individuals, the
microphone(s) should be mounted as close as possible to
the ears of the participants, i.e., near-ear. However, since
the people’s own voice is often the loudest signal at their
ear position, analysis results for environmental sounds are
influenced by time segments containing the voice of the
participant (own voice segments, OVS) [1]. Nevertheless,
OVS alone can be of interest for many research fields,
e.g., psychological research for dementia or autism [2], or
communication situations in hearing aid research. This
paper contributes to an application of ecological momen-
tary assessment (EMA) [3] for studying the impact of hear-
ing impairments and hearing aids on the communication
abilities of elderly people in natural environments. An
important aspect of measurements in natural environments
with naive participants is an appropriate recording device
that meets relevant laws. In many countries, it is necessary
to have written consent of all communication partners

(intended or non-intended) when recording audio, which
in real-life situations often cannot be obtained. Hence, for
long-term monitoring, recordings should be limited to
privacy-preserving acoustic features. Therefore, this contri-
bution describes and evaluates an OVS detection (OVD)
algorithm based on acoustic features, and it analyses the
influence of OVS on long-term monitoring of sound pressure
level (SPL) measurements.

Currently, only little data is available on the acoustical
characteristics of natural environments, and the duration
of stay in those environments for people of different ages,
hearing abilities, and life styles. Jensen and Nielsen [4] asked
participants with hearing impairments to record audio
snippets in their natural environments. They found large
SPL variations in all reported categories, with the highest
mean of approx. 71 dB SPL for the category conversations
with several persons, and of approx. 80 dB SPL for mobility
locations (car, bus).Wagener et al. [5] also collected snippets
of audio recordings from hearing-impaired participants.
Their results support the findings of large SPL variations,
with a mean SPL generally between 60 dB and 70 dB, and
the highest SPL for mobility locations – more than 80 dB.
The recordings of communication situations were further
analyzed by Smeds et al. [6]. When selecting several seconds
of time intervals containing either only background noise or*Corresponding author: jule.pohlhausen@jade-hs.de
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speech plus noise, the calculated signal-to-noise ratio (SNR)
was mostly positive, with the highest values for quiet situa-
tions and the lowest values for recordings in a moving car.

It is, however, still a crucial question whether valid and
useful results should include whole days rather than
snapshots of short duration. A suitable sampling strategy
would depend on the particular research question. For the
purposes of this contribution, continuous measurements
are needed to establish the distribution and demands of
the situations that are being attended to. Continuous mea-
surements with noise dosimeters were reported by Wu and
Bentler [7], who focused on auditory lifestyles. They found
lower SPL for older adults than for younger ones, with a
mean SPL of 60–73 dB in speech-related events. The same
research group confirmed the findings of [6] from audio
recordings of hearing-impaired listeners with one micro-
phone at chest height, namely that situations with negative
SNR are rarely listened to, that speech SPL increases, and
SNR decreases with increasing noise SPL [8]. To date, the
largest privacy-preserving data collection in natural envi-
ronments for mostly elderly hearing-aid users is probably
that available from Christensen et al. [9]. They recorded
SPL, SNR, and sound modulations, and classified acoustic
situations analyzed from hearing aids worn in natural envi-
ronments throughout the day. The grand median SPL was
54 dB, with lower values at night and higher values at lunch
and dinnertime. The highest SPL were measured for the
situation speech in noise, with a median of 72 dB. Noise
and quiet situations showed median SPL of 66 dB and
49 dB, respectively.

In these studies, SPL were measured either with noise
dosimeters or hearing aids, or by analyzing audio record-
ings. Jensen and Nielsen [4] noted that the SPL measured
in communication situations involving one or several
persons are affected by the test participant’s own voice,
probably resulting in small SPL differences between differ-
ent listening categories. The voice is raised against increas-
ing SPL of the background noise, which is known as the
Lombard effect, and has an impact on noise dosimeter
measurements [1].

Titze et al. [10] investigated voicing times of 31 teachers
over two weeks. They reported that on average voicing
occurred for 23% per hour while working, and during leisure
time for 12%. The voicing percentage for teachers is consis-
tent with Masuda et al. [11], who reported voicing times of
21% in an eight-hour workday. Mehta et al. [12] measured
voicing times in adults (salespersons, clinicians, teachers)
for at least five workdays and found no significant difference
between normal and disordered voices (both on average
16% per hour). For their so-called low-voice-use group,
consisting of laboratory research staff, they reported
mean voicing times of only 9% per hour. In Mehl et al.
[13], 52 students recorded 30 s audio intervals every
12 min over 2–4 days and the proportion of intervals con-
taining OVS was measured to be approx. 26% on average.
In contrast, Fhärm et al. [14] reported a voicing time of
9.9% averaged over 3 eight-hour days for 20 elderly retirees,
with a significant difference between women and men.
For office workers, Masuda et al. [11] reported a voicing

proportion of only 7% in an eight-hour workday. Overall,
the voicing times found in the literature cover a wide
range and depend on the population studied and the data
sampling. All studies reported a large inter-subject
variability.

The impact of own voice on measured SPL can be
avoided by manually categorizing the audio recordings as
“own voice”, “other voices”, and “background sounds” [6, 8].
However, this approach is time- as well as labor consuming
and requires permission to record audio signals in natural
environments. This contribution proposes a method for
measuring SPL in natural environments that distinguishes
between participants’ own voice and other sounds, and does
not require audio recordings. The developed OVD algorithm
is based onmachine learning (ML). The work comprises two
main research complexes. First, Section 2 describes the OVD
algorithm and the evaluation of its performance for manu-
ally labeled data. Second, Section 3 shows the predicted
proportion of OVS in a near-ear, long-term (NELT) study
by von Gablenz et al. [15] with 13 elderly, hearing-impaired
participants.Moreover, for the NELT study the distribution
of SPL in natural environments was investigated and the
difference due to exclusion of the predicted OVS is shown.

2 Own voice segments detection

For the detection of OVS, several algorithms and
methods are known. The parameters and implementations
vary a great deal, depending on the application. For exam-
ple, Carullo et al. [16] presented a comparison of methods for
clinical voice analysis and voice-dosimeter data recorded
over a long time, which use accelerometers placed on the
neck of the patient. Hearing aids use the information of
OVD to control their signal-processing algorithms [17].
The detection algorithms for monaural systems are manifold
and include, e.g., a training phase of the voice [18], classifica-
tion of the incoming signal [19], or an analysis of the signal in
the ear canal by using an additional microphone inside the
hearing aid’s earmould facing towards the ear drum [20].

This contribution focuses on binaural measures and on
analysis procedures without real-time constraints. In com-
parison to monaural measures binaural measures contain
spatial information. For a given setup of two near-ear micro-
phones, applied at equal distance from the participant’s
mouth, it is assumed that the participant’s own voice
appears at equal amplitude and in phase at themicrophones,
while environmental signals usually do not [21]. Previous
work of Rasmussen et al. [22] proposed an OVD for hearing
aids based on the analysis of the lag in the cross-correlation,
whereas Granqvist [21] applied the self-to-other ratio (SOR)
as a phonation detection stage for noise dosimetry. Bitzer
et al. [23] compared these two methods with an earlier
version of the proposed algorithm, and the results showed
that the algorithms are not very robust in terms of their
detection quality. Therefore, an advanced algorithm using
ML is proposed, providing an improved analysis for real-
world data. This section specifies the privacy-preserving
features, the OVD algorithm, and the labeled data used

J. Pohlhausen et al.: Acta Acustica 2022, 6, 402



for training. Subsequently, the evaluation of the new OVD
algorithm using real-world data is described.

2.1 Privacy-preserving features

Our privacy-preserving EMA system olMEGA1 [24–26]
only stored acoustical features (root mean square, RMS;
auto and cross-power spectral density, PSD; zero crossing
rate, ZCR). All features were calculated online from record-
ings by two head-worn, near-ear microphones attached to
glasses. The system has a flat frequency response within
1 dB between 100 Hz and 3 kHz. Beyond 3 kHz, a slight rise
was measured up to 3 dB at 8 kHz [24]. The system was cal-
ibrated to SPL at 1 kHz. RMS and ZCR values were com-
puted for 25 ms half-overlapping intervals. The PSD of the
25 ms intervals (samplingrate = 80 Hz) were smoothed with
a first-order, low-pass filter with time constants of
s = 125 ms and the smoothed spectra were downsampled
to 8 Hz to prevent reconstruction of the original signal.
These processing steps led to unrecognizable speech in the
reconstructed signal, but the presence of voices and their
gender was not hidden [24].

2.2 Training data

The data consist of communication situations recorded
with the olMEGA system in the lab and in everyday life,
as well as an artificial communication situation in the
Gesture Lab at Oldenburg University. In contrast to the
intended usage of the olMEGA system and its application
in [15], acoustical features and the audio signal were stored
with the consent of all persons speaking. The parallel
recordings enabled the labeling of the data to obtain reliable
training data.

The recordings in the lab were conducted in a lecture
room with some acoustical optimizations (acoustic ceiling
and curtains, moveable damping items) at Jade University
of Applied Sciences in Oldenburg. The room had a volume
of 262 m3 with with a T30 of 0.46 s. The conversations of
eight different pairs of students took place in a circle of
eight loudspeakers used as sources for the background noise.
One participant in the center of the loudspeaker circle was
wearing the olMEGA system, and was solving a “spot the
difference” task (a so-called DiapixUK, [27]) with a commu-
nication partner sitting in front of them. The recordings
were obtained with five different SPL of background noise,
simulating a cafeteria. Each conversation took approx.
5 min, resulting in a total recording duration of 3.79 h.
During the lab recordings, most of the time at least one
participant spoke. This resulted in a proportion of 77.7%
speech (42.8% own voice) and only 22.3% background
noise, which is not a realistic distribution.

The recordings in everyday life contain diverse sound
scenarios, e.g., in a cafe, in a canteen, in a quiet office, while
walking outside, or while driving a car. Overall, the

16 recordings resulted in a total duration of 1.98 h. Com-
pared to the lab recordings, the recordings in everyday life
included longer speech pauses, and the proportion of OVS
was reduced to 17.8% (total speech 45.2%). All recorded
audio signals were manually labeled for speech sources
(own voice and other voices).

In the Gesture Lab at the University of Oldenburg, the
toolbox for dynamic virtual acoustic environments
(TASCAR) [28] was used to simulate a train station, an
active street, and a cafeteria with a T60 of 1.77 s, 0.14 s,
and 1.41 s, respectively [29, 30]. The Gesture Lab consists
of 28 loudspeakers, divided into three horizontal parallel
circles and four sub-woofers. A G.R.A.S. Head and Torso
simulator Type 45BM (also known as KEMAR) wearing
the olMEGA system was placed at the center of the circles
at a distance of 1 m in front of a NTi Audio TalkBox, to
simulate own voice and a communication partner, respec-
tively. Clean speech stereo DiapixUK [27] recordings were
used as the two speech sources. Each channel consisted of
only one speaker. A simple energy-based detector was
applied for labeling speech sequences. Both sources were
calibrated to a level of 54 dB SPL at a distance of 0.5 m.
Speech presentations and virtual acoustic environments
were recorded separately, to allow for subsequent SNR
adjustments to 5 dB, 10 dB, and 15 dB SNR relative to
the level of the communication partner (NTi Audio
TalkBox). In total, 14 conversations were recorded. First,
every speaker was used as the own voice, and in a second
setup as the voice of the communication partner, resulting
in 1.83 h of speech material. Overall, the training data
consisted of 7.61 h labeled recordings. The distribution of
this data set was balanced between male and female own
voice speakers.

2.3 Description of the algorithm

Bitzer and Kissner [31] showed that a smoothed version
of the real part of the coherence in the frequency band
between 400 Hz and 1 kHz is a relevant indicator of OVS.
This measure is always higher for OVS compared to speech
from a communication partner, independent of the SNR. It
decreases, however, with decreasing SNR [23]. Therefore, a
simple threshold, as described in [31], would not yield reli-
able results in many situations, and an adaptive solution
was required.

Therefore, ML was applied and additional features were
included to improve robustness and broad applicability of
the OVD. The new feature set included the RMS and
ZCR, as well as the band energy in 12 octave bands between
62.5 Hz and 12 kHz, derived from the PSD features. Never-
theless, the predictionwas limited by the sampling rate of the
PSD, i.e., 8 Hz. To capture the behavior in the time domain,
the ten-times higher sampling rate of the RMSwas exploited
and the quartile coefficient of dispersion was calculated

QD ¼ r0:75 � r0:25
r0:5

; ð1Þ

where rx is the xth-percentile of ten adjacent RMS values
(corresponding to 125 ms). The QD provided a measure of

1 Construction manuals, software implementation, and supple-
mental Material for olMEGA are available at https://github.
com/ol-MEGA (Open Source License for all parts, including
hardware design).

J. Pohlhausen et al.: Acta Acustica 2022, 6, 40 3

https://github.com/ol-MEGA
https://github.com/ol-MEGA


stationarity that is robust against outliers. This measure
is useful, since background noise has less variation over
time than speech [32]. In total, 21 feature values per time
segment were extracted.

Although only conversations of younger adults
(20–28 years) were recorded as training data, in Section 3
the OVD is applied to NELT-recordings of elderly partici-
pants. Since the conversational speech SPL appears to
remain stable with increased age [33], the acoustic voice fea-
tures that are important for OVD with olMEGA as the
coherence are less affected by age-related factors and more
by inter-individual variations.

The amount of labeled training data was still rather
small, and therefore the choice of the ML algorithm was
crucial. The Random Forest (RF) algorithm [34] was
chosen to binarily classify OVS to all other segments. RF
is a supervised ML technique that is robust to noise and
has been successfully applied in a wide range of research
projects [35]. The current implementation uses the Matlab
class TreeBagger included in the “Statistics and Machine
Learning Toolbox”. The RF algorithm grows an ensemble
of decision trees without pruning. The idea is to combine
many base learners to improve the result, with each learner
performing slightly differently due to randomness during
the training. The first source of randomness is to train each
tree on a randomly selected sub-sample from the original
training data. This procedure is called bootstrap aggregat-
ing (bagging) and the samples are drawn with replacement.
The second possibility to introduce randomness is to
randomly select at each node only a subset of predictors.
The number of predictors to select for each node was set
to the next integer (ceiling function �d e) of the square root
of the number of features (i.e.,

ffiffiffiffiffi

21
p
� �

). The number of trees
was set to 100. The classification decision was based on the
unweighted majority vote.

For ML algorithms, the imbalance between OVS and
non-OVS in the data set had to be taken into account.
To avoid training a classifier that is less sensitive to the
minority class, which is in our case the class of interest,
hence OVS, we introduced cost-sensitive learning. For the
training of the RF, a cost matrix was defined with penalty
weights for misclassifications. In the current application,
missing OVS (i.e., false negatives) was worse than misclas-
sifying OVS (i.e., false positives). One heuristic approach to
defining the misclassification costs is to utilize the imbal-
ance ratio, which is the fraction between the number of
instances of the majority class (here non-OVS) and the
minority class [36]. However, the current approach consid-
ered the estimated class distributions. As described, a
large inter-subject variability in OVS (between 7% [11]
and 26% [13]) has been reported. Within EMA studies in
hearing sciences thus far, mainly elderly participants were
included, but the proposed OVD algorithm should be
generally applicable. Therefore, an OVS percentage of
12% [10] was assumed as a good compromise. Hence, the
false positive cost was set to 0.12 and the default false
negative cost of 1 was used. This resulted in an oversam-
pling of the minority class to grow each tree on a more
balanced data set. Only a marginal influence of the false

positive cost is expected, due to small differences in the real
underlying OVS proportion relative to the compromise
value of 12%.

Furthermore, since the PSD values were smoothed, the
manually labeled data did not fit perfectly in a 125 ms grid
pattern. Each positive result was extended with one addi-
tional interval before and after the positive classification.
A 5-fold cross validation was performed to find the best
parameter value for the minimum leaf size, i.e., the mini-
mum number of observations per terminal node. To take
the small amount of OVS into account, Matthews correla-
tion coefficient (MCC) was optimized, which is a reliable
quality measure for imbalanced datasets [37]. The optimum
MCC of 0.740 was reached with a minimum leaf size of 4.
This corresponds to a good balance between high true
positive rate (TPR) of 98.1% and acceptable false positive
rate (FPR) of 21.5% for the decision whether the own
voice was present in a 125 ms interval. A lower FPR for
real-world recordings covering a whole day is expected,
since the percentage of OVS and other speech was much
smaller when compared to the training data. False positive
detections were mainly due to other speakers that were
rather close to the olMEGA-microphones, or to short, loud
and coherent environmental sounds. In some cases non-
conversational expressions such as laughing or humming
were also detected as OVS. Single conversational OVS-
words with a short duration (such as “yes” or “no”) and less
pronounced OVS were mainly responsible for false negative
detections.

2.4 Evaluation measurements

To evaluate the OVS classification algorithm, the first-
author of this paper recorded audio and acoustical features
covering 11.3 h with olMEGA throughout one day. These
real-world recordings took place in a completely indepen-
dent scenario compared to the training data or the intended
application of OVD, and they represent a typical day in the
life of the author. All communication partners were asked
for their consent. Due to the current pandemic situation,
the overall contact rate was relatively low. Nevertheless,
the recordings reflected normal life, with family meals,
piano lessons, and online learning. The data was manually
labeled for speech sources.

Figure 1 shows the percentage of manually labeled OVS
for different analysis intervals during the recording day. The
analysis intervals were overlapped by 50%, and the results
are reported for the center of the analysis interval for an easy
comparison. Obviously, the variance increases and higher
maximum percentages of OVS occur for shorter interval
lengths, since the amount of own-voice articulation pauses
increases in longer analysis intervals. In 10 s-intervals, even
90% OVS are possible, which is very unlikely for intervals of
5 min. However, the mean voicing times of one day are inde-
pendent of the interval length (e.g., per min vs per hour).
The recordings show active regions (e.g., family meals)
and longer intervals with no OVS. These are mostly periods
of studying alone. A global perspective with averaged values
may hide this information, but the information could be
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essential for some applications. Therefore, 10 s-intervals
were used for further analysis.

The distribution of the mean SPL for half-overlapping
10 s-intervals L10s is shown in the upper part of Figure 2.
On the one hand, only intervals containing OVS were
considered, on the other hand all OVS were excluded, and
background sounds including other voices were considered.
The resulting mean SPL distributions for OVS and back-
ground sounds differ clearly in shape.While the background
mean SPL were mostly below 60 dB(A), the own voice
showed a distribution focus at higher mean SPL. Overall,
it can be seen that the recording person spent most of the
time in quiet environments. Based on the mean L10s for
own voice and background, the local SNR was defined as
the ratio between the power of the own voice compared
to the power of all other sounds for each interval. If an
interval contained no OVS, the local SNR was set to
�1. These intervals were considered neither in the lower
part of Figure 2 nor for averaging. For the underlying
recording day, the distribution of the local SNR is approx.
normally distributed with a mean of 9.4 dB. The local SNR
is higher than 0 dB for 95.0% of the intervals.

For this labeled data the proposed OVD using the RF
algorithm was applied with one interval extension before
and after an interval of 125 ms with predicted OVS.

2.5 OVD performance and discussion

For the full-day, real-world recordings, only 7.2% of all
manually labeled data were OVS. This value is less than the
12% assumed during training, but it is consistent with the
7% reported for office workers [11] and the 9% for research
staff [12]. The proposed OVD algorithm predicted 8.4%
OVS, which is rather close to the ground truth percentage.
Table 1 shows the confusion matrices for the proposed
OVD and the OVD based on the fixed coherence threshold
described in [31]. Percent correct for the comparison
between manually labeled ground truth and RF-based
predictions are given along the diagonal of the confusion
matrices (highlighted in bold).

Typical measures as the TPR and FPR (see columns
“Est. OVS” in Table 1) were derived to quantify the quality
of the classification algorithm. The MCC for the proposed
OVD was 0.760, compared to a MCC of 0.625 for the

solution based on the fixed coherence threshold [31]. The
proposed OVD outperformed the algorithm described in
[31] for all measures.

Figure 3 shows situation-specific results for TPR and
FPR. The results indicated that the TPR increased with
increasing local SNR. Hence, in situations with high local
SNR, the proposed OVD was very precise. Those situations
contained quiet backgrounds, while own voice is the domi-
nant source. Most of the 10 s-intervals contained no OVS
(72.2%). Nevertheless, for these intervals, the FPR was only
1.1%, which is equivalent to 5.53 min incorrectly classified
as OVS. In total, 2.5% of all intervals were incorrectly
classified as OVS, which is equivalent to 15.93 min. Regard-
ing the total recording duration of 11.3 h, the observed FPR
was rated as acceptable and the OVD as robust.

The impact of a false negative and a false positive
detection on the mean L10s, compared to the ground truth
labels, was analyzed separately. Averaged over the whole
day, false negative detections led to a mean difference of
�0.3 ± 1.2 dB, and false positive detections to 0.2 ±
1.3 dB, i.e., slightly overestimating and underestimating
the mean L10s, respectively. Hence, the impacts of both

Figure 1. Percentage of manually labeled OVS for different analysis interval lengths during the real-world recordings of one subject.

Figure 2. (a) Distribution of mean SPL for half-overlapping
10 s-intervals L10s separated for OVS and all other sounds
(background) and (b) the corresponding local SNR during the
real-world recordings of one person.
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misclassifications are of opposite sign and the mean differ-
ence between ground truth labels and OVD results in
0.04 ± 0.7 dB.

A second 5-fold cross validation was conducted combin-
ing the evaluation data and the previously mentioned train-
ing data into one big data set to quantify how much the
results would variate if other days and/or other persons
(e.g., other age, other sex) were considered. Overall, the
MCC with the newly trained random forests was on average
0.743, which is between the MCC of 0.740 for the test data
in Section 2.3 and the MCC of 0.760 for the evaluation with
one day of one person. Hence, there is a small variation in
the OVD performance, but the proposed OVD is robust
against different speakers and recording environments.

3 Near-ear, long-term study analysis

The second research complex focused on the analysis of
real-world NELT-recordings with a larger group of elderly
listeners that had hearing impairments. The high variability
of collected data required the definition of validity criteria.
These criteria were applied, and the predicted proportion of
OVS per day and SPL distributions over time were
computed.

3.1 Participants and methods

In the analysis, 13 participants (4 females) of the EMA
study by von Gablenz et al. [15] were included. All partici-
pants were recruited by local hearing aid acousticians prior
to the fitting of new hearing aids. All participants had a
mild-to-moderate hearing loss. Ten participants wore the
olMEGA system without hearing aids. The others were
experienced hearing aid users and wore their own hearing
aids simultaneously. Their ages ranged from 50 to 75 years,
with a median of 65. Eight participants were retired, and
three were working full-time.

The participants wore the olMEGA system pre-
pandemic for approx. 4 days (range 3–5 days). Only data
between 06:00 and 24:00 were considered to exclude times
when the olMEGA system most likely was not being worn,
but was not switched off. In total, 522.25 h of acoustical
data were collected. The mean recording time per partici-
pant was 40.17 ± 9.35 h.

The excluded time periods between 24:00 and 06:00
showed mostly low variances in the corresponding PSD
data. Similar, longer time periods appeared for some partic-
ipants during the day, without any subjective assessment.
Thus, the combination of stationarity in the PSD and miss-
ing subjective assessments is an indication that the olMEGA
system was not being worn, e.g., presumably during an
afternoon nap when the recordings were erroneously not
switched off. By assuming that movement resulted in vary-
ing SPL, a minimum-variance criterion for the A-weighted
SPL for half-overlapping intervals of 5 min was defined to
detect unworn time periods. Based on the comparison of
the NELT-data with subjective assessments, the criterion
for invalid intervals was empirically set to a standard devia-
tion smaller than 1.5 dB. To have a robust indicator as to
whether the system was worn, the minimum-variance deci-
sion was smoothed across 13 adjacent half-overlapping
5 min-intervals (i.e., 30 min). The goal was to exclude long
unworn periods, at the expense of missing rather short
unworn periods. For the consideredNELT-data, the unworn
decisions seemed plausible. After applying the minimum-
variance criterion, the valid total recording time was
493.93 h, or 94.6% of the original recordings.

Additionally, there were situations with a predicted
OVS percentage of above 90% in intervals of 5 min, which
is very unlikely considering a typical ratio of speech pauses
of approx. 17% for non-professional readings and 25% for
dialogues [38]. These parts were marked as misclassification

Table 1. Detected OVS for real-world recordings of one person. In total, 326 087 intervals with a duration of 125 ms were classified.
The manual labels are denoted as “True”. OVS detected with the RF algorithm and with the algorithm described in [31] are denoted as
“Estimated” (Est.).

OVD with RF algorithm OVD described in [31]

Est. OVS Est. non-OVS Est. OVS Est. non-OVS

True OVS 19 660 (84.1%) 3717 (15.9%) 16 501 (70.6%) 6876 (29.4%)
True non-OVS 7645 (2.5%) 295 065 (97.5%) 10 738 (3.5%) 291 972 (96.5%)

Note: Bold: Percent correct for the comparison between manually labeled ground truth and OVS predictions are given along the
diagonal of the confusion matrices.

Figure 3. TPR and FPR for the real-world recordings of one
person, dependent on the local SNR. A local SNR of �1
indicates intervals without OVS. The numbers above each bar
represent the portion of the recording with the corresponding
local SNR.
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and excluded from further analysis, although they might
include true positive classifications. The reasons for these
invalid intervals were mostly a persistently high coherence
between both olMEGA-microphones, e.g., presumably
during previously undetected unworn situations when the
glasses were folded, or while driving by car and listening
to the radio. Only 0.5% of the 5 min-intervals fulfilled this
criterion, distributed among different recording days and
participants. Their exclusion further reduced the overall
analysis time to 491.42 h.

Due to shortcomings in the hardware design of
the olMEGA version used, three stationary, sinusoidal
disturbances at approx. 5 kHz, 6.5 kHz and 10 kHz had to
be removed. The corresponding frequency bins with a
bandwidth of approx. 200 Hz were removed for SPL calcu-
lations. The removal of these high frequencies had only a
marginal effect on the signal of interest, since acoustic SPL
are mostly small at high frequencies due to the common
1/f-characteristic of environmental noise, where f denotes
the frequency in Hz. Compared to the overall bandwidth,
the applied filter characteristic is very narrow. Subse-
quently, the hardware design was successfully modified in
the current olMEGA version.

3.2 Own voice statistics

For the analysis of the OVS, the questions of interest
were whether the participants showed normal conversation
behavior in terms of quantity, and whether the amount of
OVS was different over the course of the day.

Figure 4 shows the mean percentage of OVS and the
10th and 90th percentiles during the whole day, averaged
over all participants and recording days for intervals of
5 min with 50% overlap. The course of the day in Figure 4
shows a slow rising of OVS in the early morning and an
increase in activity in the late morning. However, no real
rest phases or high-activity phases were common to all par-
ticipants. Thus, to use OVS in SPL measurements, there
was no preferred time period, and no intervals could be
excluded.

The grand mean percentage of OVS per day was 10.3%.
The individual average percentage of predicted OVS ranged

from 5.8% to 17.1%. The mean value of 10.3% was lower
than the pre-selected voicing percentage of 12% used in
the training process. However, this result is consistent
with the voicing percentage of 9.9% reported for elderly
retirees [14].

3.3 Level statistics

Figure 5 shows the 10th and 90th percentiles and the
median of the A-weighted SPL during the day. Intervals
of 5 min with 50% overlap were analyzed and averaged
for all participants and recording days. The blue and red
curves show the results with or without excluding OVS in
the analysis, respectively. The chosen analysis interval of
5 min was quite long, especially if public communication
situations are of interest, but appropriate to show a whole
day of data, since otherwise the amount of data cannot
be displayed appropriately.

The grand median SPL across all participants and
recording days was 50.3 dB(A) (s.d. = 12.0 dB). Without
A-weighting the grand median SPL was 51.7 dB (s.d. =
12.0 dB), which is close to the grand median SPL of
54.4 dB (s.d. = 6.7 dB) reported by Christensen et al. [9].
The small difference might be explained by differences in
the measurement equipment (hearing aids in [9]) or in the
amount of noise pollution in a medium-sized German city
like Oldenburg and its rural environment. After excluding
predicted OVS, the grand median SPL reduced to 49.0 dB
(A) (s.d. = 10.9 dB). On average, the differences in median
SPL added up to 1.4 dB. However, the 90th percentile was
significantly higher if OVS were not excluded from the
analysis. This supports the observation that a person’s
own voice is often the loudest signal close to their ears.

The effect of OVS on the individual equivalent SPL over
one day was, for all participants, in the range between
0.1 dB (1.0% OVS) and 6.3 dB (22.6% OVS).

3.3.1 Impact of interval length

However, this global description could be misleading
and a more detailed analysis could be of interest for
many applications, for example noise-level measurements.

Figure 4. Time course of predicted OVS percentages in intervals of 5 min with 50% overlap, averaged over all participants and
recording days. The solid line gives the mean values and the shaded area covers the 10th to 90th percentiles.
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Therefore, Figure 6 shows the difference DL in the standard
SPL measurement (A-weighted mean) due to OVS
exclusion. The difference was computed for five interval
lengths between 5 s and 300 s for all intervals containing
OVS. To improve visibility, the range of the difference in
SPL was limited to �10 to 30 dB. Colors indicate the pro-
portion of OVS in each interval. Thus, yellow dots indicate
a low proportion and blue dots a high proportion of OVS
per 10 s. All intervals with 100% OVS were excluded (i.e.,
6425, 1449, 124, and 27 intervals for interval lengths of
5 s, 10 s, 30 s, and 60 s, respectively). The violin plot itself
is an approximation of the density distribution for the SPL
differences. Hence, a narrow plot shows rare events and a
wide one common SPL differences. Furthermore, the
median and the 25% and 75% quartiles are shown, as well
as the proportion of SPL differences greater than 5 dB.

The violin plots in Figure 6 are wide for small SPL
differences, where the proportion of OVS is small. For high
proportions of OVS, high SPL differences up to 30 dB and
more occurred. The observed range of SPL differences
decreased with increasing interval length. However, the
results indicate that, depending on the interval length, a
relevant proportion of SPL differences is greater than
5 dB. Especially for shorter analysis intervals and a high
proportion of OVS, rather high SPL differences can occur.
Thus, if background noise or local SNR are the research
topic, OVS should be considered.

The observable negative SPL differences seem at first
glance to be counter-intuitive, but if the non-stationarity
of all signals is taken into account, negative values occur
when parts of the background sounds are louder, e.g., by
a hand-clap, burst/click-noises, or a communication partner
who spoke loudly, compared to the parts with OVS.

3.3.2 Impact of OVS on individual SPL

A different analysis for the data is given in Figure 7. The
scatter plot shows the mean A-weighted SPL, including
OVS, on the horizontal axis and without OVS on the
vertical axis, for all participants and recording days. The
mean A-weighted SPL was calculated for 10 s-intervals

with 50% overlap. The color indicates the proportion of
OVS in each interval. Dots on the main diagonal represent
no difference in the mean A-weighted SPL due to OVS
exclusion.

For most parts of the data, the OVS proportion is rather
small and the data are close to the main diagonal. The influ-
ence of the OVS is strongest in the mid-level range for SPL
of the background between 40 and 60 dB(A) (vertical axis).
The own voice increased the measured SPL up to 30 dB.
The distance between the corner of the blue cluster and
the main diagonal decreases for higher SPL. At SPL above
75 dB(A) the proportion of OVS has only a small impact on
the measured SPL. All data points are close to the main
diagonal, independent of the proportion of OVS. These
results fit well with the observation that we adapt our voice

Figure 5. Time course of the A-weighted SPL in intervals of 5 min with 50% overlap, averaged over all participants and recording
days. The solid lines give the median values and the shaded areas cover the 10th to 90th percentiles. Results including OVS are given
in red and results excluding OVS are given in blue.

Figure 6. Influence of OVS exclusion on the mean A-weighted
SPL in half-overlapping analysis intervals with different interval
lengths for all participants and recording days. The color
indicates the proportion of OVS in each interval. The median
level difference is represented by the white dot and the
interquartile range by the grey area. The percentages on the
dashed line indicate the proportion of SPL differences greater
than 5 dB.
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to the environment, and that this adaptation is reduced
for higher noise SPL [39]. The sparse single dots above
75 dB(A), with very high OVS proportions and SPL differ-
ences are caused by only one participant. It is assumed that
this person had a loud voice but that it is still in the typical
range of individual speech SPL [40]. If the data of this par-
ticipant is excluded from analysis, the grand median SPL
with and without OVS differed by less than 0.1 dB.

Below 40 dB(A) background noise, the proportion of
OVS and, thus, the distance to the main diagonal decreases.
Nevertheless, this assumption cannot explain the left-lower
corner of Figure 7. The second dense cluster of dots with
high OVS proportions looks like an outlier, since the high
proportion of OVS does not fit the overall SPL. This is espe-
cially true considering that in quiet environments a typical
SPL for male speakers with a normal voice is 54 dB(A),
measured at a distance of 1 m to the speaker’s mouth.
Speaking quietly reduces the SPL to 42 dB(A), and for
lower SPL, whispering begins [39]. Typical speech SPL for
NELT-recordings were expected to be higher, because of
the small distance between the speaker’s mouth and the
head-worn microphones.

To resolve this deviation, all participants were analyzed
separately. Figure 8 shows the analysis of one participant.
All data from the questionable lower left corner originated
from this participant and only from one day. Further
analysis showed that the signal energy was reduced, and a
low-pass effect was visible in the PSD. It is assumed that
the participant wore the system inside a pocket of his shirt.
This hypothesis is supported by the observations that
phonation at SPL below 42 dB(A) is rather unlikely, and
that on all other recording days of the same person the
SPL with OVS was clearly higher. While the recordings
of that specific day had no significant influence on the grand

median SPL with or without OVS, they could be excluded
from all further analysis. However, the scatter plot showed
its value for further data analysis and outlier detection.

3.3.3 Impact of background SPL

Ryherd et al. [1] proposed a method for predicting the
contribution to a dosimeter measurement of OVS for differ-
ent amounts of speaking time. To compare our results to
Ryherd et al., the mean difference in the A-weighted SPL
DL due to OVS exclusion was calculated in dependence
on the background SPL, i.e., mean L10s without OVS (see
Fig. 7) for all participants and recording days. The back-
ground SPL was analyzed between 45 dB(A) and 85 dB
(A) in intervals of 5 dB, hence each symbol in Figure 9
marks the center SPL. Additionally, the predicted propor-
tion of OVS was divided into five classes from low
(5–20%) to high (80–95%). The mean DL was highest for
low background SPL, combined with a high proportion of
OVS, and decreased with increasing background SPL and
decreasing proportion of OVS. Our results indicate that,
especially at low background SPL, OVS can have a strong
influence on the measured SPL. This is consistent with the
laboratory measurements by Ryherd et al., although they
reported overall larger DL. The mean DL compared to
Ryherd et al. for low background SPL and high OVS per-
centages (80–95%) is approx. 4 dB lower, and is approx.
8 dB lower for low OVS percentages (5–20%). Hence, our
results show a lower impact on the measured SPL, espe-
cially for low OVS percentages. Ryherd et al. measured
the A-weighted SPL with and without the participant’s
speech for 1 min for each noise condition, using a dosimeter
placed on the participant’s shoulder. Their participants

Figure 7. Distribution of the mean A-weighted SPL L10s

calculated for 10 s-intervals with 50% overlap for all participants
and recording days, on the horizontal axis including OVS and on
the vertical axis excluding OVS. The color indicates the
proportion of OVS in each interval.

Figure 8. Distribution of the mean A-weighted SPL calculated
for 10 s-intervals with 50% overlap for all recording days of one
participant, on the horizontal axis including OVS and on the
vertical axis excluding OVS. The color indicates the proportion
of OVS in each interval. Only this participant showed a cluster
of dots with high OVS proportions for rather low SPL.
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read out artificial Hagerman sentences [41], which include
rather short Swedish words, to an imaginary communica-
tion partner at a distance of 1.6 m. Hence, differences in
the speech SPL could occur due to:

� the presence or absence of an actual communication
partner (e.g., visual cues),

� the position of the real or imaginary communication
partner,

� the comparison of well-defined measurements in the
lab to real-world conditions.

4 Conclusions

This contribution showed that long-term observations of
SPL considering the participant’s own voice are possible
without sacrificing the privacy of participants. For near-
ear acoustic measurements, the participant’s own voice
was often the loudest source. Whether it has to be consid-
ered depends on the desired application; smaller analysis
intervals lead to a high impact. However, for long-term anal-
ysis, the OVS impact is rather small and in many cases can
be neglected. For the necessary OVD, the proposed random
forest classification approach is capable of detecting most of
the OVS correctly, and the results compare well with typical
speaking times reported in the literature. This is also true for
the analysis of the SPL data. Overall, the open-source tool-
box and hardware system olMEGA showed its value for
EMA. The next step will be a comparison of the objective
acoustic data to the assessments of the participants in the
corresponding survey app. One additional remaining issue
is the development of a SNR estimator based on this system.
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