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ABSTRACT

In this paper, we introduce an audio-based framework for occupancy
estimation, including a new public dataset, and evaluate occupancy
in a ‘cocktail party’ scenario where the party is simulated by mixing
audio to produce speech with overlapping talkers (1-10 people).
To estimate the number of speakers in an audio clip, we explored
five different types of speech signal features and trained several
versions of our model using convolutional neural networks (CNNs).
Further, we adapted the framework to be privacy-preserving by
making random perturbations of audio frames in order to conceal
speech content and speaker identity. We show that some of our
privacy-preserving features perform better at occupancy estimation
than original waveforms. We analyse privacy further using two
adversarial tasks: speaker recognition and speech recognition. Our
privacy-preserving models can estimate the number of speakers in
the simulated cocktail party clips within 1-2 persons based on a
mean-square error (MSE) of 0.9-1.6 and we achieve up to 34.9%
classification accuracy while preserving speech content privacy.
However, it is still possible for an attacker to identify individual
speakers, which motivates further work in this area.

Index Terms— occupancy, privacy, speaker identification, safe
Al, speaker recognition, smart buildings

1. INTRODUCTION

One of the foremost research problems for smart buildings is oc-
cupancy estimation: counting the number of people in a room or
building. Occupancy estimation algorithms interface directly with
Al-based building management systems that aim to minimise energy
use while ensuring occupant comfort and welfare [1]. As a type of
sensor for occupancy estimation, audio-based solutions are under-
explored even though they offer a cost-effective solution that can be
interlinked with additional smart building audio Al services includ-
ing audio scene understanding [2] or to enhance security using voice
biometrics for accessing restricted areas [3]. Moreover, many build-
ings already contain the necessary hardware as people increasingly
adopt audio-enabled devices in their homes such as smart voice as-
sistants or smart TVs.

Early work on occupancy estimation from audio has treated
this problem too coarsely to be used in real-world deployments and
datasets were not publicly available. For example, when occupancy
is treated as a binary problem (i.e., a room is either occupied or
not), the binary occupancy information does not fully enhance Al
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building management systems [4]. Estimated counts can also vary
greatly in magnitude (10 vs 200 people) [5] or can be limited to very
small counts in specific scenarios as with 3 occupants inside of a
small residence [6].

Furthermore, audio-based occupancy estimation offers more op-
portunities for privacy preserving approaches and is less computa-
tionally expensive than video [6]. Audio also overcomes issues of
line of sight that arise from other types of sensors such as video,
passive infrared (PID) and ultrasonic sensors [7]. To the best of our
knowledge, we are the first to explore intentional privacy-preserving
strategies for the problem of audio occupancy estimation for over-
lapping speakers. This scenario is applicable to multiple domains
where people may speak simultaneously such as open-office layouts,
conferences, museums, and cafes. Our work explicitly accounts for
privacy of individuals and conversations by using strategies of au-
dio degradation before training classifiers [8]. We adopt a tech-
nique from [9] called shredding to slice and re-arrange audio frames.
We then combine that technique with random reversal in the time-
domain to establish our baseline estimates to count the number of
speakers. Our contributions in this paper are as follows:

1. Introduce a new dataset that simulates overlapping speakers
at a ‘cocktail party’ or similar environment such as a cafe or
conference.

2. Establish a set of baselines with and without privacy-preserving
strategies for occupant estimation using several different
types of audio features.

3. Probe the efficacy of privacy safeguards using occupancy es-
timation features on two adversarial tasks: automatic speaker
verification (ASV) and automatic speech recognition (ASR).

2. BACKGROUND

There has been some limited previous work regarding the use of au-
dio solutions for occupancy detection. Audio was used for occu-
pancy detection in [6], however the dataset that was collected and
evaluated in the paper is considered to be proprietary and cannot be
shared for replication experiments or further research. Their work
explored presence detection (as a binary classification problem) and
head count (as a multi-class classification problem) on two types
of rooms: living room and a single office. They extracted low-
level signal features such as zero crossing rate, spectral variance and
Mel-frequency cepstral coefficients (MFCCs) using the least abso-
lute shrinkage and selection operator (LASSO). They report a high
accuracy for presence detection of 99% and an accuracy of 70% for
head count. While their study explored only a small number of occu-
pants, and although they argue that audio is less intrusive than video
in their work, they did not explicitly address privacy through exper-
imentation.



Motivated by the needs of green energy and smart resource man-
agement in buildings, recent work has examined how various oc-
cupancy sensors can have a positive impact on resources. In [10],
the authors discuss that audio is an under-studied sensor for occu-
pancy estimation even though it offers a low start-up cost and is
easy to retrofit to buildings. While audio does not suffer from line-
of-sight issues, it can be hindered by environmental sounds that in-
terfere with occupancy estimation algorithms. Their work explores
sound cancellation to overcome this limitation. They mixed clean
speech with additive Gaussian white noise. Their methodology as-
sumes that speakers always take turns, speaking one by one. They
examine scenarios where there are either 10, 20, or 40 speakers in
the audio and used a speaker recognition technique based on Gaus-
sian mixture models (GMMs) for occupancy estimation. They found
that noise significantly degrades classification performance, but the
performance improves when using speech enhancement. Our work
in this paper makes slightly different assumptions than [10], namely
that speakers do not take turns. We also examine a finer-grained
problem of counting occupants from 1-10 speakers.

Very recent work from [5] explored the use of low-level sig-
nal descriptors (e.g., dominant frequency, loudness in dB, and rever-
beration time) for occupancy and activity detection in audio. They
experimented with the DISCO dataset' [11], which contains 2000
images and corresponding 1 second of audio, but they used only the
audio portion for experiments. The occupant counts in the DISCO
dataset range from 0-700+ and were hand-labeled using the images
as ground truth. They fit a regression model and measured mean ab-
solute error (MAE), finding that their algorithm XGBoost achieved
best performance of M AE = 49.06. For very high occupant counts,
this may be an acceptable error depending on the use-case. Impor-
tantly, we do not use speaker recognition techniques in our occu-
pancy estimation techniques as these are not aligned to our goals of
privacy-preservation.

3. DATASET CREATION AND AUDIO FEATURES

In this section, we introduce the dataset that we created for simulat-
ing multiple ’cocktail party’ scenarios. We further detail the audio
features that were used in classification experiments and the privacy-
preserving data degradation strategies.

3.1. Simulated Cocktail Party Dataset Using LibriTTS

We created a cocktail party dataset? by mixing audio from speakers
in the LibriTTS [12] dataset so that they overlapped, simulating how
multiple people may speak simultaneously®. LibriTTS is a subset of
LibriSpeech [13]. We selected LibriTTS-Clean360 and LibriTTS-
Clean100, and the development set because these had undergone
pre-processing and cleaning before being released. All audio files
were downsampled to 16 kHz and converted to 16-bit PCM wave
format. The waveform amplitude was normalized to -26 dBov in ad-
vance using ITU-T G.191 sv56 [14]. We set aside 804 speakers for
the training and development sets and 201 held-out speakers for the
test set. Then we created different mixtures of overlapping speak-
ers using SoX*, by randomly selecting N speakers in the range of
[1,10] and 1 utterance per speaker. Thus, samples with the fewest
number of speakers contained only 1 speaker, while samples of the
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highest number of speakers contained 10 speakers. After mixing, the
samples we re-normalized to -26 dBov and the file length trimmed
according to the shortest utterance in the mixture so that the file du-
ration always contains overlapping speakers without trailing silence.
The duration of each mixed audio file in the dataset was between
2 and 5 seconds. This duration range was intentionally utilized to
mimic how a smart building may use microphones to sporadically
sample occupancy levels while minimizing privacy concerns that a
building could be ‘always listening’.
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Fig. 1. Demonstration of shredding to re-order audio frames (128ms)
and random reversal to reverse audio frames in the time domain.

3.2. Privacy from Data Degradation

As proposed by [8] and [9], data degradation is a type of privacy-
preserving strategy that aims to limit how input features can be used
in certain adversarial types of tasks while enforcing acceptable per-
formance on a target task. In this work, our target task is occupancy
estimation and the adversarial tasks are ASV and ASR which could
violate privacy expectation. Therefore the data degradation strate-
gies that we experiment with are meant to perform very well for
occupancy estimation, and very poorly on ASV and ASR.

The first data degradation technique called sound shredding
comes from [9], which applied it to detecting background environ-
ments (e.g., meeting, going for a walk, cafe, laboratory, etc). The
technique was shown to help reduce human perception of speech
content, speaker identity, and speaker gender. We are the first to
apply shredding as a privacy-preserving mechanism for the problem
of occupancy estimation. For shredding, we divided the raw wave-
form into 128ms frames and randomly shuffled all of the frames. We
used 128ms frames because phones in speech at a normal speaking
rate are on average ~150ms duration [15], so this would potentially
degrade the raw audio enough to disguise spoken content. We intro-
duce a second data degradation technique called random reversal,
which selects 50% of the shredded frames, and reverses them in the
time domain. We included this technique aiming to enhance privacy
for both speech content and speaker identity. Figure 1 demonstrates
both shredding and reversal as data degradation techniques applied
to original waveforms.



Original Shredded Shredded + Reversal

%ACC 1 MSE | %ACC1T  MSE | %ACC 1 MSE |

Waveform | 30.9+24.6 0.8+0.8 | 34.9+284 0.9+0.8 | 28.7+24.7 0.9+0.8
MFCC 2094109 1.3+0.7 | 30.8£24.9 1.44+09 | 20.9+11.3 1.5£0.7
LFCC 27.54£28.0 1.8+1.1 | 28.0£27.1 1.8£1.0 | 28.3£264 1.540.8
Magspec | 16.2£10.0 2.1£1.1 | 19.1£12.0 2.1%1.1 | 22.8424.8 2.1%1.1
Melspec | 16.5+14.6 2.6+1.8 | 19.0£10.4 1.7+1.0 | 23.4+24.7 1.7£1.0

Table 1. Average per-class accuracy (ACC) and mean-square error (MSE) on held-out test using original audio, shredded audio, and shredded

audio combined with random reversal.

3.3. Features for Machine Learning Experiments

We utilized a variety of features extracted from the audio, including
full waveforms. In particular, we used the following features: wave-
forms, magnitude spectrograms (magspec), Mel-frequency spectro-
grams (melspec), Mel-frequency cepstral coefficients (MFCCs), and
linear-frequency cepstral coefficients (LFCCs). All features were ex-
tracted using libraries from TorchAudio [16]. When combining these
feature types with the data degradation strategies, shredding and ran-
dom reversal was applied to the waveform before feature extraction.
For features involving full waveforms with privacy strategies, shred-
ding and random reversal were performed after mixing speakers in
the cocktail party scenarios.

4. EXPERIMENTS

We experimented with the various features and data-degradation
strategies to predict the number of speakers in each audio file
from our ‘cocktail party’ dataset. In this section, we introduce our
machine learning experiments in terms of the architecture, hyper-
parameters, and data training/testing partitions.

The architecture that we chose for experiments was a fully-
convolutional CNN architecture inspired by [17] without any fully-
connected layers. It was shown that this architecture is capable
of analyzing environmental sounds and classifying speech directly
from a waveform with minimal pre-processing. Fully-convolutional
CNNs are well-suited to speech processing because waveforms
are extremely high-dimensional inputs with information distributed
throughout the higher dimensions.

We explored several different hyper-parameters using grid
search: learning rate in the range of {0.01, 0.001, 0.0001}, weight
decay (L2 normalization) {None, 0.01, 0.001, 0.0001}, the number
1D convolutional layers {1, 2, 3}, and batch sizes {128, 256}. Each
convolutional layer also used a corresponding 1D max-pooling layer
followed by a dropout layer (dropout=0.2). The CNNs were trained
using early stopping with patience set to 5 epochs while monitoring
validation accuracy.

We used portions of our simulated ‘cocktail party’ dataset to cre-
ate training/validation sets and a held-out test set using 1000/200/200
instances for each of the 10 classes. This resulted in a dataset of
10k items for training, 2k for validation, and 2k for test. The train-
ing/validation partition included mixed audio from 804 speakers,
while the test set included mixed audio from 201 held-out speak-
ers. All of the speakers used in the held-out test set were unseen
during training.

5. RESULTS

In Table 1, we report the results from classification experiments mea-
sured by accuracy (on the 10-class prediction problem) as well as

mean-square error (MSE) between true and predicted ordinal classes
(on a scale of 1-10) to further characterize performance. The re-
sults include experiments involving original audio and features with-
out any privacy-preserving techniques, as well as two experiments
wherein audio had undergone degradation before feature extraction
and training. On this 10-class problem, we calculated accuracy for
random guessing as acc = 10%. For MSE, we generated random
numbers in the range of [1,10] such that there were 200 exemplars
for each of the 10 classes. We then calculated the MSE random base-
line to be mse = 20.5 + 9.8.

In most experiments, the full waveform performed best for pre-
dicting the number of speakers present in our simulated cocktail
party dataset, and better than the random baselines. The highest
accuracy was 34.9% for MFCCs that were derived from waveforms
that had undergone shredding. When measuring MSE, all three types
of inputs (original, shredded, and shredded+reversal) indicate that
the CNN can predict speaker counts within 1 person, which is good
performance for our use-case of occupancy estimation.

Other features, such as magnitude spectrograms and Mel-
frequency spectrograms did not achieve high classification accuracy
or suitable MSE. Likewise, MFCCs and LFCCs did not perform es-
pecially well, except for the high classification accuracy for MFCCs
extracted from shredded waveforms. This result was somewhat un-
expected since MFCCs and LFCCs are features known to be useful
in speaker recognition tasks [18]. It could be that occupancy estima-
tion benefits more from high dimensional data or patterns from the
time-domain, or that these other features are better-suited to feed-
forward neural network architectures. We had expected both MFCC
and LFCC to be especially relevant for our use case of privacy-
preserving occupancy estimation for smart buildings that have been
outfitted with microphones. Processing full waveforms may come
with risks of privacy intrusion if data must be transferred away
from the initial sensor (i.e., microphone) or digital signal processing
(DSP) unit. However, the data degradation techniques of shredding
and random reversal could be implemented at the sensor-level to
mitigate privacy risks.

6. ANALYSIS

6.1. Speaker Recognition

The purpose of examining speaker recognition is to understand
whether data degradation has preserved speaker-identifying charac-
teristics in the audio. To evaluate this, we first extract utterance-level
embeddings for each of the original speaker utterances from Lib-
riTTS, for the 201 speakers and utterances in our held-out test set.
Embeddings of /92-dim are x-vectors extracted from each utter-
ance using the pre-trained ECAPA-TDNN [19] system provided by
SpeechBrain5 [20] that was trained on VoxCeleb data [21]. We re-

Shttps://github.com/speechbrain/speechbrain



peat this again by extracting embeddings for each of the mixed audio
files in the test set, for speaker counts of {1,2,3}. We then repeat
the same for two privacy-preserving features: shredded waveforms
and shredded waveforms + random reversal.

Next, we create trials to evaluate speaker recognition for each
of the three features: full waveform, shredded, and shredded + ran-
dom reversal. Embeddings from original audio for each speaker are
treated as enrollment utterances and embeddings from mixed audio
are treated as test utterances. We use 5 matched and 5 unmatched
trials per speaker. For example, to evaluate speaker recognition in
mixed audio that contains 2 speakers, we use 5 matched and 5 un-
matched trials for each of the 2 speakers from the mixed file (20
trials total). Mixed audio with higher speaker counts therefore had
a greater number of trials. We then repeat this for the shredded and
shredded + reversal waveforms. The matched and unmatched tri-
als were text-independent. Unmatched conditions utilized utterances
from speakers that were not part of our train/valid/test split. Trials
were evaluated using equal-error rate (EER) based on cosine sim-
ilarity between embeddings. We expected that it is easier to iden-
tify unique speakers when the occupancy count is 1 or 2 speakers,
and that it would be more difficult to identify speakers under condi-
tions of data degradation. We experimented with using enrollment
utterances from original LibriTTS audio as well as the degraded ver-
sions of enrollment utterances. Table 2 shows the resulting EER
from these trials. Since we are interested in privacy, and the abil-
ity to not identify speakers, we are interested in higher EER values,
especially for audio with a single speaker.

Original Privacy
Enrollment Enrollment
#Spk | Orig. S S+R [ S S+R
1 9.7 103 11,5 | 10.6 119
2 26.1  27.1 279 | 277 277
3 350 352 360 | 347 362

Table 2. Equal-error rate (EERT) for each occupancy level (num-
ber of speakers in mixed audio) calculated from original waveform
(Orig.), shredded waveform (S), and shredded waveform with 50%
of frames reversed in the time domain (S+R).

The SpeechBrain x-vectors with cosine similarity scoring
achieved 9.7% EER for single-speaker audio using the original
full waveform for both enrollment and test utterances. This value is
likely a consequence of the ASV system and the type of data that it
was trained on. We intended for the degraded waveforms to perform
very poorly on this task, however our attempts to conceal speaker
identity did not improve with significant data degradation. Compar-
ing the original enrollment, we can see that regardless of whether an
adversary knows the privacy policy, they still may be able to identify
speakers as if the audio was not degraded. These scores could po-
tentially change if a different ASV system is tested or if a different
scoring metric is used (such as PLDA) [22]. Our findings on this
task suggest that more privacy-preserving mechanisms are needed
to protect speaker identity for occupancy estimation problems.

6.2. Speech Recognition

We also investigated how well speech can be obtained from the orig-
inal and degraded waveforms using ASR. We used the IBM Watson
Speech-to-text API® to obtain transcripts from the audio. As with

Shttps://www.ibm.com/uk-en/cloud/
watson—-speech-to-text

speaker recognition, we explored speaker counts of {1, 2,3}, as it
is very difficult to recognize speech when speaker counts are very
high in the mixed audio. These lower speaker counts apply to use-
cases where there may be 1 or 2 people in a room (e.g., on a phone
call or chatting). After obtaining the ASR transcripts from the API,
we measured speech recognition performance using match error rate
(MER) [23, 24] calculated with the Python jiwer library7. Unlike
word error rate (WER), the MER scoring measures the proportion
of word substitutions, insertions, and deletions compared to the to-
tal number of words, and is interpreted as the probability that two
strings do not match. MER values of mer = 0 indicate no errors
while values of mer = 1 indicate that no words match. Thus, MER
is dependent on edit cost between two strings.

In this analysis, we expect that the MER scores will become
worse for higher speaker counts using the original waveforms.
We also tested whether scores would be higher using the privacy-
preserving techniques. The results for MER scoring are presented
in Table 3, showing scores for original, shredded, and shredded +
reversed waveforms. Both of our data-degradation strategies had a
significant impact on ASR performance, rendering words unintelli-
gible compared to the original waveform.

#Spk | Original | Shredded | Shredded+
Reversal
1 0.13 0.94 0.95
0.88 0.97 0.98
3 0.97 0.98 0.98

Table 3. Match error rate (MERT) for each speaker counts calculated
from original, shredded, and shredded + reversal waveforms.

7. DISCUSSION AND FUTURE WORK

We have presented a privacy-preserving framework for estimating
people counts in audio where people are talking at the same time,
as in a ‘cocktail party’ scenario. We applied and expanded data-
degradation techniques to this type of problem and are the first to
do so. We also created a new dataset of mixed audio which will be
publicly released for future research. We achieved estimated speaker
counts within 1-2 persons while preserving privacy based on speech
recognition. However, our adversarial speaker recognition tasks in-
dicate that more privacy techniques are needed to protect identity.

This study presents foundational work and therefore is not with-
out limitations.We did not experiment with room simulation [25]. In
addition, there are other audio features that may be interesting or rel-
evant, such as features and perturbations for privacy in the frequency
domain. In our experiments, we did not include a zero-occupancy
condition but plan to evaluate the technique on a dataset such as
DESED? that contains a variety of acoustic scenes with and without
speech. This would allow us to evaluate whether the model is learn-
ing information based on human speech or simply the energy in the
signal, and this is an important distinction to avoid false positives
due to loud non-human sounds. Our approach does not account for
maintaining state over a period of time, for example people entering
or leaving a room, nor does it account for multiple talkers who take
turns, for example in a meeting. As previously existing techniques
aim to identify speakers explicitly, the role of speaker recognition is
paramount to privacy for occupancy estimation as well as all audio-
based technologies to be installed into smart buildings.

"https://pypi.org/project/jiwer/
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