SAMoSA: Sensing Activities with Motion and Subsampled Audio

VIMAL MOLLYN, Carnegie Mellon University, USA
KARAN AHUJA, Carnegie Mellon University, USA
DHRUV VERMA, University of Toronto, Canada
CHRIS HARRISON, Carnegie Mellon University, USA
MAYANK GOEL, Carnegie Mellon University, USA

1 kHz Audio Data (C) Multimodal DL Model (E) End User Apps (F) - - Motion ->- Audio Motion+Audio
1
~ vy A 09 —
_/ —_— A | 'W‘*‘O“ v “\\ '4.;"4/‘\ § 08 //
Good Job! e
")" .. ) +1 3 7 ’_{: _______________
L S os
% ‘ ‘7 Hydration < e
Event " i
Detector (B) NV \' ',' ""‘\
(A) R ¢°°° S LSS
50 Hz Motion Data (D) Audio Sample Rate (Hz) @)

Fig. 1. SAMoSA senses a user’s activity (A) using power-efficient and privacy-sensitive low-sample-rate (< 1 kHz) audio
data (C) and 50 Hz IMU motion data (D). After a motion detector (B) triggers, these two sensor streams are passed to a
multimodal deep learning model (E) to predict the wearer’s activity, which can then be used to power end user applications (F).
In this work, we study the privacy/power vs. accuracy tradeoff by testing different audio subsampling rates (G).

Despite advances in audio- and motion-based human activity recognition (HAR) systems, a practical, power-efficient, and
privacy-sensitive activity recognition system has remained elusive. State-of-the-art activity recognition systems often require
power-hungry and privacy-invasive audio data. This is especially challenging for resource-constrained wearables, such as
smartwatches. To counter the need for an always-on audio-based activity classification system, we first make use of power
and compute-optimized IMUs sampled at 50 Hz to act as a trigger for detecting activity events. Once detected, we use a
multimodal deep learning model that augments the motion data with audio data captured on a smartwatch. We subsample
this audio to rates < 1 kHz, rendering spoken content unintelligible, while also reducing power consumption on mobile
devices. Our multimodal deep learning model achieves a recognition accuracy of 92.2% across 26 daily activities in four indoor
environments. Our findings show that subsampling audio from 16 kHz down to 1 kHz, in concert with motion data, does not
result in a significant drop in inference accuracy. We also analyze the speech content intelligibility and power requirements
of audio sampled at less than 1 kHz and demonstrate that our proposed approach can improve the practicality of human
activity recognition systems.
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1 INTRODUCTION

Human activity recognition (HAR) has numerous applications, including real-time task assistance, automated
exercise tracking, rehabilitation, and personal informatics. Over the years, researchers have explored numerous
modalities to sense a user’s actions, and sound has proven to be a useful signal. Sounds resulting from physical
activities, such as washing one’s hands or brushing one’s teeth, are often distinctive and enable accurate HAR. For
example, Laput et al. built a model to classify sounds sampled at 16 kHz and achieved 89.6% average classification
accuracy [34]. However, sampling audio at rates between 8 and 16 kHz carries a power consumption and compute
cost. Moreover, these audio ranges capture human speech content and other sensitive information that users
might not want to have recorded.

In a bid to protect user privacy, researchers have proposed to featurize recorded data [11, 41]. If done at the
edge, featurization is considered privacy-sensitive, but it comes with considerable processing cost. Furthermore,
an always-on acoustic activity recognition system increases the power burden; especially on resource-constrained
devices such as smartwatches, where the battery cannot be made much larger. In response, we present SAMoSA -
Sensing Activities with Motion and Subsampled Audio. Our approach first uses power- and compute-optimized
IMUs sampled at 50 Hz to act as a trigger for detecting the start of activities of interest. IMUs are ubiquitous, are
heavily engineered for efficiency, and numerous prior works have shown the effectiveness of IMU data to detect
user activities [6, 31, 35, 36, 60]. Once we detect the start of an activity using an IMU, we use a multimodal model
that combines motion and audio data for classifying the activity (Figure 1). To further minimize the computation
cost of processing audio data, we reduce the sampling rates to < 1 kHz. Subsampling can be implemented directly
and easily at the hardware level; i.e., instead of post-processing fast-sampled audio data (e.g., 44 kHz), the sensor
is directly sampled at a reduced rate. This approach saves power needed to sample, move/store in memory, and
featurize the data. Our approach was partially inspired by the always-on "Measure Sounds" (loudness) feature
found on recent Apple Watch models. This software-based sensor relies on the microphone, but presumably
senses at a very low rate so as to have minimal impact on battery life. At these lower rates, human speech is also
unintelligible [5, 8, 15], thus offering a more privacy-sensitive approach.

We show in our evaluation that motion and sound signals are complementary and provide wide coverage of
numerous activities of daily living. A similar approach (albeit without subsampled audio) is reportedly used in
Apple Watch’s handwashing recognition implementation, but there is no official documentation of the approach
and its implementation. SAMoSA provides a generic, open-source approach that extends to 25 additional activities.
Overall, this paper makes the following contributions:

(1) A practical activity recognition system that uses 50 Hz IMU along with audio sampled at < 1 kHz, and yet
still achieves performance comparable to models using more power-hungry and privacy-invasive 16 kHz
audio data.

(2) A comprehensive suite of experiments, quantifying the efficacy of our system across 8 audio sampling
rates, 4 contexts, 60 environments, and 26 activity classes. We also present a power consumption and a
speech intelligibility study for different audio sampling rates.

(3) A new smartwatch sensor dataset with synchronized motion and sound data. We further showcase how
our multimodal model resolves ambiguity among activities that are confused by a single modality alone.

(4) Open-sourced data, processing pipeline, and trained models to facilitate replication and further exploration
and deployment in the field.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 6, No. 3, Article 132. Publication date: September 2022.


https://doi.org/10.1145/3550284

SAMoOSA: Sensing Activities with Motion and Subsampled Audio 132:3

2 RELATED WORK

There has been extensive research done in human activity recognition (HAR) from sensors such as micro-
phones P4, 34, 39, IMUs [6, 31, 35 36 60, cameras $2, powerline sensors41], plumbing sensors]d, and
various multimodal sensing approaches B7, 40 45 49, 56 59. Please refer to12, 20, 54, 57] for a detailed
survey. In this section, we situate SAMoSA in the landscape of motion- and audio-based methods, as well as
multimodal approaches for HAR.

2.1 IMU-Based Human Activity Recognition

A large number of activity recognition systems rely on inertial sensors such as accelerometers, gyroscopes, and
magnetometers present in smartphones, smartwatches and other wearables to detect human activity. Over the
years, motion-based activity recognition systems have graduated from detecting coarse human movements,
such as walking, running and biking3y, 67 to detecting more ne-grained movements such as appliance
usage B2 34, subtle facial actions§1], and gestures3q. These approaches include multi-device systems
such as that of Shoaibt al [53 that use the accelerometer from a smartphone in conjunction with one from

a smartwatch to detect 13 activities, including smoking and drinking co ee. Such systems are lightweight and
typically use simple statistical features computed from the input data streams. Single wearable approaches have
also seen renewed interest with the advent of deep learning. Such approaches are computationally more expensive,
but o er higher delity and better accuracy. For instance, by using a wrist-worn smartwatch accelerometer
sampled at 4 kHz, Lapwt al [35 was able to detect ne-grained hand activities such as hand washing and
scratching. Ashryet al used an online Bi-LSTM deep learning architecture for continuous activity recognition on
smartwatches4]. We drew inspiration from these prior e orts in developing our IMU-based activity trigger and

the IMU backbone of our multimodal activity classi cation model.

2.2 Privacy-Sensitive Audio-Based Human Activity Recognition

Apart from speech sensing, researchers have leveraged the ubiquity of microphones to build numerous audio-
based HAR systems. Recently, with the advent of machine learning techniques that bene t from large existing
datasets, there has been widespread success in building more general-purpose HAR sp3seisip, 55 64].
However, all of these approaches use high sampling rate$§ kHz) and are therefore more computationally
intensive and potentially more privacy invasive.

In response, researchers have explored the idea of privacy-sensitive activity recognition using audio. Lar-
sonet al [3§ proposed a cough sensing technique which only reconstructed cough sounds from the audio signal,
while preventing speech from being reconstructed intelligibly. Cheinal [11] proposed a vocalic selection
and substitution method in order to reduce the intelligibility of speech while preserving environmental sounds.
PrivacyMic 24 presented an approach using infrasonic and ultrasonic frequencies for activity recognition.
Most related to our work is that of Lian@t al [41]. They presented a privacy-aware audio sensing framework
across 15 classes for intentionally degrading audio frames by randomly replacing a subset of audio frames with
nearby frames. Similar to their approach, we also degrade the audio intentionally through subsampéing (
discarding data rather than replacing it), but safeguard against the loss of accuracy by using a multimodal learning
framework (we also expand our activity set to 26 classes).

2.3 Multimodal Human Activity Recognition

Multimodal deep learning systems have seen widespread adoption in computer vision communities for tasks
such as image captioning[13 25 44, pose estimation?, 5], and autonomous driving9, 10. Similarly, in

recent years, human activity recognition has also seen an increased adoption of similar multimodal classi cation
techniques [1, 19, 40, 45, 56, 59].
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Fig. 2. SAMoSA is a human activity recognition system that uses IMU motion data sampled at 50 Hz and sound sampled at
1 kHz. The figure showcases the 26 di erent activities (with associated contexts) that our system can recognize, along with
sound spectrograms (log scale, with 1 Khz cuto denoted with a solid white line) and 3-Axis accelerometer streams.

Laputet al [37] used a sensor board containing 9 sensors (accelerometer, magnetometer, light illumination,
microphone etc) to create sensor-fusion powered "Synthetic Sensors" for a variety of context-sensitive applica-
tions. Radwet al presented a case study of di erent challenges and approaches to multimodal deep learning for
human activity recognition §#9. FingerSound 8§ used sound and gyroscope data from a nger mounted ring
to classify nger gestures. In Lukowizet al.[43, the fusion of audio and IMU sensor data from multiple body
worn sensors was used to detect a range of workshop activities. Most related to our present work are G&$tEar [
and Wardet al [63. In GestEar, Beckest al proposed the use of sound and motion from a smartwatch for
gesture classi cation€.g, snapping, knocking, clapping). Similarly, Waed al proposed the use of multiple
arm mounted microphones and accelerometers in order to classify assembly t&9k# contrast to the latter
systems, SAMO0SA uses a commodity smartwatch, and thus constitutes a signi cant step forward in practicality
and potential reachd.g, could be deployed with an over-the-air software update to even existing smartwatches).
Moreover, our system detects an expanded set of events/activities compared to prior work.

3 DATASET

To initiate our investigations, we needed a labeled dataset with synchronized human motion and sound captured
by a wrist-worn device. Such a multimodal dataset does not exist in the literature, and thus we collected our own.

3.1 Example Contexts and Activities

Rather than develop a new set of activities to study, we drew our example contexts and activities from highly
related prior work [34, 35 55. From these papers, we selected activities that are general and usually produce
motion or sound when performed. This meant that environmental sounds such as "baby crying” and "dog barking"
found in some prior work €.g, [34) were not included. Similar to34], we also wished to balance our activities
across di erent user contexts, and ultimately chose kitchen, bathroom, workshop, and miscellaneous. We binned
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