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Abstract—Predicting the occupancy related information in an
environment has been investigated to satisfy the myriad require-
ments of various evolving pervasive, ubiquitous, opportunistic and
participatory sensing applications. Infrastructure and ambient
sensors based techniques have been leveraged largely to deter-
mine the occupancy of an environment incurring a significant
deployment and retrofitting costs. In this paper, we advocate
an infrastructure-less zero-configuration multimodal smartphone
sensor-based techniques to detect fine-grained occupancy infor-
mation. We propose to exploit opportunistically smartphones’
acoustic sensors in presence of human conversation and motion
sensors in absence of any conversational data. We develop
a novel speaker estimation algorithm based on unsupervised
clustering of overlapped and non-overlapped conversational data
to determine the number of occupants in a crowded environment.
We also design a hybrid approach combining acoustic sensing
opportunistically with locomotive model to further improve the
occupancy detection accuracy. We evaluate our algorithms in
different contexts; conversational, silence and mixed in presence
of 10 domestic users. Our experimental results on real-life data
traces collected from 10 occupants in natural setting show that
using this hybrid approach we can achieve approximately 0.76
error count distance for occupancy detection accuracy on average.

I. INTRODUCTION

Smartphone based participatory and citizen sensing appli-
cations have attested the promise of microphone sensor based
several audio inference applications. The most obvious benefits
from microphone sensor based applications are assessment
of social interaction and active engagement among a group
of people [1], speaker identification and characterization of
social settings [2][3][4] by leveraging their conversational
contents. Recently speaker counting has been investigated to
enumerate the number of people in conversational episodes
like social gatherings, interactive lecture sessions or in a
restaurant or shopping mall environment [5][6][7]. Most of
the recent studies focus on the conversational data to extract
the high level occupancy information assuming that all the
users are taking turns to speak. This may occur in a controlled
environment (seminar, meeting, classroom etc.) but overlapped
or concurrent speaking is the most frequently occurred event
in our day to day life. On the other hand most of the previous
studies are obtrusive which proposed to use arrays of ambient
microphone sensors, video cameras or motion sensors for
inferring the real time occupancy information [8][9].

Taking turns in conversation is albeit feasible but we move
one step further considering a more naturalistic uncontrolled
environment where people may spontaneously participate in
any conversational phenomenon without any a-priori intuition.

While smartphones’ microphone sensor-based acoustic sensing
approach holds great promises in inferring the number of occu-
pants and promoting scalable infrastructure-less opportunistic
sensing but it fails in absence of any conversational data from
the surrounding environment. Motivated by this we propose to
augment locomotive sensing in absence of any conversational
episode with acoustic sensing being considered as a de facto
audio inference in our model to precisely synthesize the
characteristics of a natural environment and accurately estimate
the occupancy related information. In pursuit of these goals we
propose an opportunistic collaborative sensing system called,
SensePresense, which opportunistically exploits both the audio
and motion data respectively from smartphones’ microphone
and accelerometer sensor to infer the number of people present
in a gathering.

In SensePresence, we opportunistically combine
smartphone-based acoustic and motion sensing to determine
the number of people in a partially conversational and
non-conversational environment. When multiple people are
present and a subset or a group of people are conversing,
how do we identify who are involved in the conversation, or
belonged to a specific conversational clique, and who are not,
i.e., opportunistically exploiting smartphones’ microphone and
motion sensors to infer number of people present therein. Such
hybrid sensing approach could potentially furnish fine-grained
occupancy profiling for better serving many participatory
sensing applications while saving smartphones’ battery power
by advocating a distributed sensing strategy. In this paper, we
propose an adaptive acoustic sensing based linear time people
counting algorithm based on the real-life conversational data.
Our algorithm follows an unified strategy in presence of
both overlapped and non-overlapped conversational data as
naturally evolved from a crowded environment. Our proposed
algorithm relies on a dynamic length of the audio segmented
data compared to a predefined static audio segment length [6].
We investigate a locomotive sensing model and augment it
with our proposed acoustic sensing based people counting
algorithm to make our system work on extreme modality of
either of the data sources, whether it is acoustic or locomotive.

II. RELATED WORK

Smartphones’ microphone sensor has been used extensively
to opportunistically analyze audio for context characterization.
For example, SpeakerSense [4] performs speaker identification
and SoundSense [10] classifies sounds from macro to micro
contexts. All these work have often in common the use of
supervised learning technique. In contrast, SensePresence’s oc-
cupancy counting process is entirely unsupervised. The authors



of [11] used unsupervised techniques to perform speaker
clustering using distances of the feature vectors extracted
from different speakers. However this occupant estimation has
been done only on telephonic conversational data where our
proposed system, SensePresence performs speaker counting
without any staged conversational setup. It collects data from
natural conversation and performs clustering to infer the num-
ber of people. The most closely related research to SensePres-
ence speaker counting is Crowd++ [6] where counting has
been done in a controlled scenario with all the participants
speaking actively. [6] used a fixed length audio segment (3
sec) where each segment corresponds to an individual but we
performed this audio segmentation dynamically to increase the
accuracy of occupancy inference. [6] also classified a few seg-
ments as undetermined but our system never discards segments
as undetermined which is achieved only through employing
dynamic segmentation. Therefore SensePresence tackles a
richer problem, where none of the speakers are discarded for
handling the computational challenges. Crowd++ [6] proposed
to combine pitch with MFCC to compute the number of people
with an average error distance of 1.5 speakers. On the other
hand SensePresence improved average error distance by a
factor of two (0.76 Speakers). Next we briefly discuss some
specific occupancy sensing applications.

Building occupancy monitoring applications rely on the
deployment and installation of a bona fide system or de-
vice inside the building environment necessitating the high
retrofitting and management costs. For example, a wireless
sensor network system consisting of PIR sensor, reed switch
and CC2530 radio has been deployed for collecting real time
occupancy information inside a building environment [12].
Non-intrusive occupancy monitoring algorithm has been pro-
posed to infer binary occupancy from smart meter data in a
home environment [13] which helps detect occupancy using
average and standard deviation of the power usage and power
range. However, ambient and infrastructure sensors have been
deployed there to infer occupancy information and neither of
them used mobile context data for inferring the number of
people in building environment [14]. In this work, we present
an opportunistic infrastructure-less zero-configuration hybrid
system exploiting the ubiquitous availability of smartphone
sensors on the horizon to shift the traditional occupancy mon-
itoring paradigm from an infrastructural device based system
to fluid mobile sensing based system.

III. OVERALL SENSEPRESENCE FRAMEWORK

We envision to develop a minimally invasive and low-cost
mobile system for counting the number of people present in
any environment. We propose an opportunistic collaborative
sensing approach which exploits multiple sensors on smart-
phone - microphone for acoustic sensing and accelerometer for
locomotive sensing. Our system as shown in Fig. 1, comprises
of two subsystems, one deployed on smartphone and other
deployed in server. In the mobile part of our proposed client-
server architecture, sensed data both for the acoustic and
locomotive sensing are being stored in a data sink on the
smartphone itself and transferred to the server in a regular
interval for triggering the opportunistic sensing among the
multiple smartphones and posterior data analysis (sink in Fig
1). Acoustic data from each smartphone is first fed to the filter
to collect Acoustic Fingerprints (AFP), of any conversation

consisting of content based audio. The AFPs being collected
from all the smartphones are sent to the “Estimate Proximity”
module residing on the server- which helps distinguish the au-
dio signals in vicinity and helps approximate opportunistically
the inclusion of a group of smartphones to form single clique.
Finally, “Optimum Node” module elects the clique leader (most
informative smartphone) to record the conversational audio
data and notifies the condition of deactivation to the other
smartphones from capturing the duplicate audio signal. It also
helps in sorting the smartphone list based on their audio signal
strength which is eventually utilized by locomotive “Signature
Collection” module to opportunistically check-on and trigger
the accelerometer sensor on the smartphones [15].

The Occupancy Context Model (OCM) which resides on
the server-side has two main sub-components: i) Acoustic Con-
text Model, and ii) Locomotive Context Model. These models
together form the inference engine consisting of opportunistic
occupancy context module.

A. Acoustic Context Model (ACM)

Our acoustic context model comprises of the following
three logical components.

Pre-processing: This is the most trivial phase for acoustic
signal processing. This module helps to perform the filtering
and select the audio segment length dynamically. It finally
helps remove all the noises, silences and produce smooth con-
versational data which is later passed to the feature extraction
module.

Feature Extraction: This module is the main basis for
extracting all types of features which is utilized in the speaker
estimation module. It has been briefly discussed in section V-C.

Speaker Estimation: This serves as a core processor for
occupancy counting. (Details in IV-A).

B. Locomotive Context Model (LCM)

It consists of i) Signature Collection, ii) Feature Extraction,
and iii) Occupancy Estimation modules. Signature collection
module receives total number of people count from ACM
module and the sorted smartphone list from the optimum
module to opportunistically select microphone sensors. Based
on these two inputs, LCM module makes decision on which
smartphones’ sensors are needed for further occupancy estima-
tion. Feature extraction module calculates accelerometer sensor
magnitude and feeds that into occupancy estimation module,
which helps to infer binary occupancy for each smartphone
sensed data and finally helps count the total number of people
present in a conversational, silent or mixed environment.

IV. DESIGN METHODOLOGY

In this section we describe the details of our SenseP-
resence design framework. We present an acoustic sensing
based algorithm for counting the number of people present
in a conversing environment (such as group meeting, brain
storming session etc).

A. Occupancy Estimation Using Acoustic Signature

In this section, we describe occupancy estimation using our
proposed acoustic sensing model. We look into the specific
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