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Conversational assistants in the form of stand-alone devices such as Amazon Echo and Google Home have become popular and
embraced by millions of people. By serving as a natural interface to services ranging from home automation to media players,
conversational assistants help people perform many tasks with ease, such as setting timers, playing music and managing
to-do lists. While these systems offer useful capabilities, they are largely passive and unaware of the human behavioral
context in which they are used. In this work, we explore how off-the-shelf conversational assistants can be enhanced with
acoustic-based human activity recognition by leveraging the short interval after a voice command is given to the device.
Since always-on audio recording can pose privacy concerns, our method is unique in that it does not require capturing and
analyzing any audio other than the speech-based interactions between people and their conversational assistants. In particular,
we leverage background environmental sounds present in these short duration voice-based interactions to recognize activities
of daily living. We conducted a study with 14 participants in 3 different locations in their own homes. We showed that our
method can recognize 19 different activities of daily living with average precision of 84.85% and average recall of 85.67% in a
leave-one-participant-out performance evaluation with 30-second audio clips bound by the voice interactions.
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1

INTRODUCTION

Conversational assistants like Amazon Echo and Google Home [33] have recently become mainstream. These
systems can perform a number of tasks on-command such as control smart home appliances, play music, and
answer questions, through a voice-based interface, e.g., "Alexa, what day is today?", "Ok Google, turn on the living
room lights". Recent survey reports have shown that 54% of the U.S. population use voice-command technologies,
whether on smartphones, smart speakers, and other devices, and 24% reported using voice assistants daily [31].
By 2025, it is estimated that 75% of U.S. households, representing over 100 million households, will have smart
speakers [20].
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While voice-based assistants have proved useful to millions of people, they are still limited in numerous ways.
For instance, today’s assistants are completely passive, simply responding to commands. If they could become
aware of people’s behavioral and environmental context, it would be possible to integrate them into the flow of
everyday life more seamlessly, enabling much richer applications. As an example, imagine an assistant helping a
person cook a new dish for the first time. It could observe and make sure all recipe steps are being followed in
the right order; likewise, it could keep track of cooking times, set cooking temperatures, and turn appliances on
and off as needed. Or consider an assistant recognizing when a person is having trouble using a tool, performing
a repair or building furniture, and proactively looking up and displaying instructions and how-to videos. Lastly,
imagine an assistant picking up early signs of cognitive impairment in older adults by detecting subtle changes
in the way they ask questions and perform household tasks.
Motivated by these types of scenarios and applications, this paper explores how off-the-shelf conversational
assistants can be enhanced with acoustic-based human context awareness to recognize activities of daily living
(ADL). Since continuous audio recording in a home setting is largely undesirable due to privacy concerns, we
describe a method that does not require the capture of any audio other than what is already recorded as part of
the voice-based interactions. The method hinges on the observation that these acoustic interactions are often
accompanied by background environmental sounds that can be a rich source of context. For example, when
people make a request such as "Alexa, what is the weather?", the audio of the request, which is captured by the
assistant, often contains contextual information in the background, such as conversations taking place, kids
playing, babies crying, TV sounds, cooking sounds, appliances running, toilets flushing and more.
Technically, this approach encounters important data-related challenges. Crucially, previous work in acousticbased activity recognition has typically relied on unrestricted and continuous audio capture, which results in large
amounts of data that can be mined for activities and context [24, 26]. Here, we are constrained by the audio data
present in the voice assistant interactions, which limits the quantity and type of data captured. Additionally, we
investigate how background acoustics can be analyzed in the presence or absence of speech as well as when using
the whole acoustic interaction vs. only the mid-interaction segment. The mid-interaction segment refers to the
pause between the user query and the voice assistant’s response and is typically no more than 3 seconds. Given
its short duration, it is particularly challenging to recognize meaningful background contextual information from
it. The paper makes the following contributions:
• A comprehensive quantitative evaluation of our acoustic-based recognition framework in people’s own
homes. We conducted a study with 14 participants in 3 different locations in their own homes. We show
that our method can recognize 19 different activities of daily living with average precision of 84.85% and
average recall of 85.67% in a leave-one-participant-out performance evaluation with 30-second clips.
• Automatic inference of the voice assistant’s location in the home based on the recognition of activities
performed with average 96.81% precision and 95.24% recall.
• An annotated dataset of audio interactions with a conversational assistant with background sounds of
19 activities. We also make available the source code of our processing pipeline to encourage others to
replicate and build upon our work.

2 RELATED WORK
2.1 Conversational Assistants
With conversational assistants becoming ubiquitous in people’s lives, several researchers have taken this opportunity to better understand the general use of such devices in the home environment and how people perceive them.
Bentley et al. studied in depth the long-term use of smart speaker assistants in order to better understand exactly
how users are using these devices over time [5]. Lahoual et al. investigated the efficiency of vocal interactions
with voice assistants (VA) by presenting a qualitative user-centered study [23]. They showed that, despite the
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use of VAs leading to additional supervision, verification, diagnosis and problem-solving activities that cause an
interruption in domestic activity, users continued to use and accept the system. Similarly, Kiseleva et al. focused on
understanding user satisfaction with voice assistants over a range of typical scenarios of use, such as controlling
a device or web search [21]. They found that user satisfaction varies across different scenarios and sometimes
depends on either task completion or perceived effort spent on the task. Looking at how users personify such
devices, Pradhan et al. studied how older adults perceive social interactions with the voice assistant "Alexa" and
ontologically categorize the agent as "human-like" or "object-like" [35]. Going beyond current voice assistants,
Tabassum et al. went even further by investigating the next generation of voice assistants, "always listening
voice assistants", that could passively listen to people’s conversations and proactively provide assistance. [41].
They explored the potential services people anticipate from such a device and how they feel about sharing their
data for these purposes. Other researchers have studied the use of voice assistants by focusing on particular
sub-populations, such as multi-user households [33], children and parents [12, 15], people with disabilities [36],
older adults [35], and under-served users in low-income regions [38].
Despite substantial prior work aimed at understanding usage of voice assistants in daily life across different
populations, no previous efforts attempted to take advantage of the assistant’s interaction process towards activity
recognition, which is the focus of this work.

2.2

Activities of Daily Living

Detecting human activities in the home has been a motivation of the field of human activity recognition for
many years. Particular emphasis has been given to so-called Activities of Daily Living (ADL), which are essential
activities a person needs to undertake daily in order to maintain independence [45]. The automatic identification
of ADLs is an important and useful task, especially in elderly and patient care [10].
Many previous efforts have relied on commodity sensors such as accelerometers and gyroscopes found in
smartphones, smart watches, and wearables for activity recognition. These sensors produce motion-based features
that are useful to detect many relevant health behaviors such as eating, walking, running, etc. [8, 9, 29], and
identifying life patterns [48]. However, ADLs typically include complex activities that common single sensing
approaches often fail to capture [42]. As a result, researchers have turned to richer sensing modalities and
approaches such as sound, images, and multimodal methods.
In the home, a common approach has been to use environmental sensors, e.g., camera-based sensors [3, 7, 25],
thermal sensors [19], or infrared sensors [44, 49] for motion and location detection. These types of sensors are
able to detect appliance usage, measure water flow, and perform indoor localization. Several researchers have
also experimented with image-based sensors installed on walls and ceilings, to locate residents and recognize
their activities [3, 7, 25]. However, image-based methods raise privacy concerns for in-home monitoring. To
address these concerns, Hevesi et al. instrumented a household with several infrared sensor arrays to monitor
various daily household activities while providing a less privacy-invasive ADL monitoring system [19]. In the
development of sensing environments, several works have explored other monitoring technologies, such as
pressure, floor, and radar sensors, that make it less invasive to the user [4, 14, 27]. Overall, instrumenting homes
with specific sensors tends to be both undesirable and impractical in the long-term.

2.3

Acoustic Activity Recognition

A promising way of monitoring activities in the home is by sensing sounds, specifically environmental sounds.
A household environment includes several items that are commonly used for performing daily tasks, like the
electrical toothbrush, the shaver, the washing machine, the sink, the stove, etc. Most of those appliances and
fixtures create or disperse sounds while being used, which can in turn indicate the activity being performed.
Dimitrov et al. investigated environmental sounds for touch-free audio-based device recognition in a home
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environment [11]. A room was instrumented with a microphone, and a device recognition framework was
implemented to recognize different devices from their characteristic sounds. Vacher et al. presented the SWEETHOME project, whose goal was to collect a multimodal dataset for developing an audio-based smart home
environment [46]. The home was instrumented with several microphones to capture different sounds from
different parts of the house. Tremblay et al. developed an activity recognition system based on environmental
sounds that is able to detect errors related to cognitive impairment [43]. Odashima et al. performed sound-based
activity recognition via unsupervised clustering of human-based and machine-based sounds [32]. Laput et al.
utilized public sound effect libraries to develop a plug-and-play real-time sound-based activity recognition system
[24]. They analyzed their approach across several devices, such as a smartwatch, smartphone, and laptop and
provided insights into the feasibility of sound-based activity recognition. Incorporating a mixed process of audio
augmentation and combining online sound effect libraries with the Audio Set data, they presented a system for
audio context classification. Another similar work is presented by Liang et al. where an audio-based framework
is proposed that combines large-scale on-line YouTube video soundtracks with oversampling to train activity
recognition models [26]. They tested their model on 15 activity classes collected in the wild. However, these
previous works are mainly situated in a setting where acoustic data is continuously captured. Thus, this raises
several privacy concerns.
In our work, we aimed to study the feasibility of acoustic activity recognition when constrained by when, how,
and how long data can be captured. Different from previous work, we therefore capture audio data under the
constraints of voice assistant interactions. We show that, using limited amount of data collected in people’s own
natural environment, we are still able to recognize activities occurring in the background during an interaction
with the voice assistants. Moreover, we show that, by applying transfer learning using AudioSet without additional
data augmentation or oversampling, we are able to train a classifier with limited real-world data.

3

MOTIVATION AND APPROACH

Due to the natural form of interaction made possible by voice-based conversational assistants, conversational
interfaces are easy to use and have the potential to collect and process a large number of commands over the
course of weeks and months. Consequently, much could be learned about the individuals who own and use
such devices, such as their preferences, health condition, demographics, family composition, the environment in
which they live, and activities of daily living (ADLs). In particular, automating the tracking of ADLs is essential in
elderly and patient care. Instead of resorting to nursing homes or paid home care, imagine being able to remotely
monitor routine ADLs of an elderly relative living alone without using wearables or instrumenting the household
with environmental sensors. By utilizing voice assistants, which have been adopted by millions of people, it is
possible to consider monitoring loved ones seamlessly and comfortably while maintaining them in their homes.
When approaching this problem, and considering alternatives for data capture, a key design goal was to
ensure that individuals maintain their ability to use the conversational assistants in its full capacity. Initially,
we investigated utilizing a separate device that independently detects wake-words. Porcheron et al. developed
such a device called Conditional Voice Recorder [34]. We also explored integrating the Google Assistant into a
separate device, such as a Raspberry Pi, using the Google Assistant SDK [17]. However, for both approaches,
relying on a separate device to detect the wake-word proved challenging mainly in synchronizing it with the
Google Assistant. Thus, in order to gain better reliability in capturing a user’s interaction with a smart speaker,
we designed a hardware add-on that is linked to the Google Home’s activation by the voice command. Section 4
provides a detailed explanation of our device implementation, and section 8.6 discusses privacy considerations
underlying our approach.
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Fig. 1. Hardware setup of our add-on device.

4

AUDIO CAPTURE ACCESSORY FOR CONVERSATIONAL ASSISTANT

To capture voice-based interactions with the assistant, we developed an audio recording add-on accessory that
does not interfere with the assistant’s operation and functionalities. The accessory, which may also be helpful
in studying accidental misactivations of smart speakers [13], will be made open source and available to the
community. The next sections describe the accessory’s hardware and software implementations.

4.1

Hardware Implementation

In terms of the hardware implementation, our add-on device was developed using a Raspberry Pi, a ReSpeaker
4-mic array [40], and a camera module [28] (Figure 1). Our device records and collects its own data via the 4-mic
array attached to the Raspberry Pi, allowing greater flexibility and control over the data collection process. This
also allowed for easy programmatic access when collecting, storing, and manipulating the acoustic data. Contrary
to previous audio-based ADL-related work, our system does not passively record and store audio data, but instead
is controlled by the user’s interaction with the Google Home. In other words, similar to how Google Home is
always listening to the voice command and only records the interaction, our system is always looking for the
Google Home’s top LED lights to turn on, indicating the voice assistant heard the voice command "Hey Google"
or "Ok Google" and is awake. Once this occurs, our system records the interaction and saves the audio data locally.
Refer to Section 4.2 for more details on the software implementation of this functionality. In order to sense the
LED lights, we utilized a camera module and securely placed it on top of the Google Home via a 3D-printed
mounting structure.

4.2

Software Implementation

To reiterate, our add-on system is designed to activate when the smart speaker is activated by the voice command,
which is indicated by the LED lights. To that end, the Raspberry Pi is programmed to continuously monitor
the LED light activity using the camera module and averaging the pixel brightness of the image stream. For
our purposes, we did not require a high frame rate or high quality image since the camera was acting as a light
sensor to detect when the top LED lights of the Google Home device turn on. Thus, after several empirical tests,
a frame rate of around 2 fps and image resolution of 128 × 80 proved suitable for this application. This also helps
reduce the overall processing load on the Raspberry Pi. Meanwhile, the 4-mic array is also continuously listening,
but without saving the recorded audio. After several designs, we noticed a delay that occurs between detecting
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Fig. 2. Logic flow implementation of add-on system. Once the system is turned on, the camera continuously checks if the
LED lights turn on while the microphone captures audio stored in a fixed size FIFO buffer. The system is triggered when first
(1) the user interacts with the voice assistant which (2) triggers the LED lights to turn on. (3) The pixel average computed
from the image captured by the camera will in turn exceed the threshold which (4) triggers the system to save the audio data
stored in the buffer.

the LED lights and starting the recording process. Since interactions are typically very fast, in some cases the
user’s interaction with the voice assistant is not captured. Thus, in order to mitigate this issue, we designed our
system to continuously listen and store 30 seconds of audio in a First-In-First-Out (FIFO) buffer. In this way,
when the voice assistant receives an inquiry, it activates the LED lights which, captured by the camera, triggers a
new thread process that writes the audio clip stored in the FIFO buffer to a wav file. With this functionality, we
are given more control over the size of the audio clip recorded as well as the amount of information captured
before and after the interaction, which can also be helpful in capturing more context information. Taking into
account that we are constrained by the voice assistant’s interaction duration and in order to investigate how
performance changes with longer vs. shorter sound clips, we set the buffer size to 30 seconds with a wait time of
15 seconds after the LED light turns on. This allows us to capture around 10 seconds of audio before and after
the interaction. The audio is sampled at 22KHz, which was the maximum firmware sample rate allowed by the
4-mic array. Moreover, analyzing the frequency domain of environmental audio sounds, a sample rate of 22KHz
was observed to be good enough to capture the difference of sounds. It is important to note that despite our
system continuously listening, it overwrites the audio information every 30 seconds and only stores the data
once triggered by the Google Home. The system workflow is depicted in Figure 2.

5

ACOUSTIC ACTIVITY RECOGNITION

As described in the previous section, for every interaction with the voice assistant, a 30-second audio clip is
recorded and stored locally. This audio clip includes the question-answer interaction as well as any background
sounds captured during the interaction. These sounds serve as the underlying clues to infer a person’s activity
and one’s surroundings. In this section, we present our analysis of the data in terms of acoustic feature extraction
and data preprocessing that help recognize the different activities.
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Fig. 3. Example Log Mel spectrograms of 30s audio clips for 19 activity classes. The audio clips included the interaction with
Home Assistant.

5.1

Audio Data Preprocessing

Log-mel spectrograms have proved very powerful in audio classification when used as input to deep learning
models [18]. Thus, we extracted the log-mel spectrograms of our audio clips by computing the short-time Fourier
transform (STFT) for each segment using a Hanning window of 1024 samples and a hop size of 320 samples. The
linear spectrogram is then converted into a 64-bin log-scaled Mel spectrogram. Example log mel spectrograms of
each activity class are depicted in Figure 3. As noted previously, our system captures approximately 30 seconds of
audio that includes background sounds as well as the user’s interaction with the home assistant. We experimented
with several preprocessing approaches that included segmenting the audio clips to shorter segments vs. keeping
each 30 second audio clip as one input sample. We observed higher performance when the audio clips were kept
intact and thus adopted this approach for all subsequent evaluations. We further analyzed how performance
changes with varying clip size.

5.2

Recognition Framework

The manual collection of ground truth audio data from individual users can be quite laborious especially when
targeting multiple sound classes. Despite our efforts to collect data from a wide range of users, we were still
limited by the size of our data to be able to efficiently train a deep learning model to recognize the different
environment sounds. Thus, leveraging publicly available large audio datasets such as the AudioSet database [16],
we utilized pre-trained models on this dataset to extract meaningful embeddings of our data that can be used as
feature inputs to a classifier. Moreover, another advantage of using AudioSet is that it provides audio samples
containing simultaneously occurring acoustic events including speech and other background sounds. This is
especially beneficial as our system captures background sounds in audio recordings accompanied by human and
machine speech.
Convolutional Neural Networks (CNNs), inspired from VGG-like network, have been proven very effective
in audio classification when applied to the log-mel spectrograms of the acoustic data [18, 22]. Experimenting
with several CNN architectures pre-trained on AudioSet for our task of recognizing various environmental
sounds, we build upon the CNN architecture described in Figure 4, originally trained for AudioSet tagging.
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Fig. 4. CNN Architecture pre-trained on AudioSet. The model is used as a feature extractor and the last fully connected layer
is modified and trained on our collected audio data.

The architecture contains 6 convolutional blocks with each convolutional block consisting of 2 convolutional
layers (3x3 kernel) with intermediary average pooling layers. We modified this pre-trained model by removing
the last fully connected layer and replacing it with our own fully connected layer, using a sigmoid activation
function. Finally, we use this model as a feature extractor by freezing its parameters and only training the last
fully connected layer with our collected audio data. Through experimentation and observations from previous
work, a batch size of 32 and an Adam optimizer with 1e-5 learning rate is used for training for 500 epochs.

6

SEMI-NATURALISTIC DATA COLLECTION

To validate our system and our experimental design protocol and instrumentation, we first ran a formative
controlled study with two participants in a designated space on campus equipped with kitchen appliances and
fixtures such as microwave, sink, stove, etc.. The researchers also provided additional portable equipment needed
(e.g. vacuum and blender). Participants were asked to perform a set of simple household tasks following the
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Table 1. Set of activities for every location context.

Kitchen
Peeling Vegetables
Chopping Vegetables
Grating Vegetables
Frying
Filling Tea Kettle
Boiling Water
Washing Dishes
Microwave
Garbage Disposal
Blender

Living Room
Typing (Computer)
Television
Background Conversation
Vacuum

Bathroom
Washing Hands
Brushing Hair
Shower
Toilet Flushing

Table 2. List of questions for participants to ask the Google Assistant during the user study.

Topic
Weather
Time
Traffic

Information Seeking

Question
Hey/Ok Google, what’s the weather?
Hey/Ok Google, what’s the weather tomorrow?
Hey/Ok Google, what time is it?
Hey/Ok Google, how’s the traffic?
Hey/Ok Google, how many people live in the US?
Hey/Ok Google, how do you spell pineapple?
Hey/Ok Google, how many calories are in a banana?
Hey/Ok Google, what is 60 divided by 3?
Hey/Ok Google, is walgreens still open?
Hey/Ok Google, how many kilometers are in a mile?
Hey/Ok Google, how do you say "Nice to meet you" in French?

same procedure designed for the semi-naturalistic study in people’s homes. This helped us address issues in our
experimental procedures as well as account for any potential hurdles. In particular, we determined the set of
equipment needed from each participant to be able to perform the activities. We further improved the design of
our 3D printed structure to ensure the camera is securely placed on top of the LED lights. This also allowed us to
tune the pixel average threshold to make sure the system captures the data when an interaction occurs.
For the semi-naturalistic study, the system is required to run standalone and unattended. Thus, the Raspberry
Pi is programmed to run the main software implementation autonomously on boot, i.e. users are only required to
attach the system to the Google Home as shown in Figure 1 and plug it in. Additionally, in order to monitor the
system for unexpected hardware issues, the device is set up to report the hardware activity status and process logs
every 10 minutes via email to the primary researchers. In this way, an on-time troubleshooting can be provided
to make sure everything runs smoothly and data is captured properly. We validated the smooth deployment of
our system by running several additional validation studies in our own homes. The system, comprised of the
Google Assistant, the add-on device, and the mobile hotspot, was automatically plugged in in a random location
and left running unattended for more than 2 weeks during which we interacted with the voice assistant and
captured data.
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After validating our system and experiment design, we conducted an IRB-approved semi-naturalistic study. 15
participants of varying age (mean age 43.6 ± 13.7), profession, socioeconomic status, and gender (9 female and 6
male) were recruited through a recruiting agency. We term this study semi-naturalistic since it was conducted in
people’s own homes using their own tools while still following a set of instructions. Participants performed a set
of simple tasks in their own homes. While performing these tasks, participants were required to interact with a
Google Assistant, by asking questions such as "What is the weather?". We were unable to collect one participant’s
data due to network connection issues that prevented the smart speaker from working smoothly.

6.1

Activities Set

In order to evaluate our system in recognizing these types of activities, we selected three location contexts in
which everyday activities occur: (1) Kitchen, (2) Living Room, and (3) Bathroom. For each context, we selected
habitual activities based on the following selection criteria: 1) does the event happen frequently in that context?,
2) does it produce acoustic sounds that can be captured by a microphone?, and 3) is the event related to ADLs? In
total, we selected 19 activities across 3 locations (Table 1).

6.2

Procedure

Due to social distancing requirements, we conducted a remote study. Firstly, a box with the required devices
(e.g. a Google Assistant outfitted with the add-on device, a mobile Wifi hotspot, and study design documents)
was dropped off at a participant’s home. The devices work immediately by simply plugging them in for power.
During the study, participants were then monitored and given further instructions by the principal investigator
over a Zoom video conference call (for social distancing). Once the study was done, the participant was asked to
place the devices back in the box and leave it outside the house. Researchers then picked up the box and repeated
the process with the next participant.
When the study was scheduled, the participant joined a Zoom video conference call with the researchers for
remote monitoring. The researchers briefly went over the consent form. As mentioned in Section 6.1, there are 3
primary locations. The study started out in the Kitchen and then moved sequentially to the Living room and then
the Bathroom. For every location, the participant was asked to plug in the devices anywhere they wanted in
that location, in order to capture the corresponding activities. For concrete documentation and ground truth
monitoring, the Zoom call was recorded. Once the devices were plugged in, the researcher remotely made sure
the system is running smoothly through the hardware process logs sent via email from the Rasberry Pi before
starting the study. For every activity, a timer was displayed on the Zoom screen in order to help guide participants
for when to start and stop an activity and when to interact with the Google Home. The timer was reset after
every activity. At a high level, the participant started performing the activity when the timer started. At least 10
seconds in, the participant was required to interact with the Google Home by asking a question, while the activity
was still being performed. After at least 30 seconds have passed, the participant was signaled to stop the activity.
Each activity was performed 2 times with the participant interacting with the assistant every time. All activities,
except for background conversation, involved the participant interacting with a household appliance or fixture
to perform the activity. For background conversation, participants were asked to naturally start a conversation
about any random topic with another household member. In case of a single-person home, participants conversed
with the researchers over Zoom. Once all the activities in one location were completed, the participant was asked
to move the devices to the next location. A list of possible questions encompassing various topics (weather, time,
traffic, and information seeking) to ask the Google Assistant (Table 2) was provided to the participants, with
the option to ask other questions if they wanted to. The questions were set based on previous related work that
studied the long-term and daily usage of smart speakers [5, 15].
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Fig. 5. Sample audio clip showing the mid-interaction segment.

6.3

Mid-Interaction Segment

As described earlier, the system was programmed to capture a 30-second audio clip with every interaction. An
interaction with the voice assistant entails the user query (e.g. "Hey Google, what time is it?") and the assistant’s
answer (e.g. "It’s 10:45"). We observed from the Google Assistant voice recordings that the short audio segment
in-between the query and the answer does not include speech and thereby contains only background sounds. In
this section, we focus on the analysis of this segment, which we define as the mid-interaction segment (Figure 5).
The research question we explored was: can we recognize activities when further restricted to this midinteraction segment? We observed that the segment’s length varies depending on the internet connection speed
or internet interference as well as the type of question asked. On average, the duration was around 2.3 seconds.
However, we encountered with some participants connectivity issues due to signal interference which caused the
voice assistant to have a longer delay in its response, reaching around 14 seconds. In other cases, the segment
was < 1 second, typically when the question asked was straightforward such as "What time is it?". Looking at
the distribution of the length of the mid-interaction segments, ∼ 82% were < 3 seconds, ∼ 16% fell in the range
of 3 and 7 seconds, and the remaining ∼ 2% going beyond 7 seconds. These longer segments can be considered
as outliers and were therefore dropped from the analysis since this was caused by a connectivity slowdown
attributed to our mobile hotspot. Moreover, a smart speaker will generally require a minimum bandwidth of
∼ 5 Mbps to work properly, which is typically available in people’s homes [39]. Discarding the outliers, the
mid-interaction segments were on average 2.2 seconds long (± 1.1 seconds).
For efficient training and data loading on GPUs, we explored reducing or extending the variable-sized midinteraction clips to same lengths. To that end, several approaches were considered: (1) zero padding, (2) replication
(symmetric) padding, and (3) segmenting the clips into equal-sized segments. Due to the significant difference in
the clip lengths varying from < 1 second to 6 seconds, zero padding can alter the data distribution. Regarding
segmenting the clips into equal-sized segments, several data samples were < 1 seconds long. Thus, truncating
according to the length of the smallest sequence resulted in very short segments that do not capture the activity.
This would inhibit the model from learning to properly distinguish the activities. In order to not disturb the data
distribution as much as well as to keep a useful segment length, replication (symmetric) padding was implemented.
Replication padding essentially pads the segments with its wrap. This is essential in minimizing the disruption of
the data distribution compared to zero or constant padding.
It is also important to note that, in some cases and given the semi-naturalistic nature of our study, an activity
was not acoustically captured in the mid-interaction segment. During the study, participants were instructed to
continuously perform the activity for 30 seconds. This also allowed us to simulate a situation when people other
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Fig. 6. Bar plot showing the performance scores of every LOPO evaluation of the location-free model using whole audio clips

than the speaker are performing the activity continuously in the background. Naturally, participants paused when
asking the question and then resumed the activity right after. Some participants waited for the voice assistant to
respond before resuming the activity which caused the mid-interaction segment to not capture the activity. In
our dataset, we encountered such a case in only around 2% of the audio clips. For that reason, and due to the fact
that in a real-world setting this is unavoidable, we did not remove such clips from our training or testing data.

7

RESULTS

In this section, we describe our results from a series of experiments wherein we investigate location-free and
location-specific modelling. We conduct each experiment for both whole 30-second audio clips and mid-interaction
segments. Source code for the analysis is available at https://github.com/Human-Signals-Lab/Acoustic-ActivityRecognition-Bounded-by-Conversational-Assistant-Interactions.git.

7.1

Whole Audio Clip as Input

7.1.1 Location-free Modelling. For location-free prediction, we assume the location of the device is unknown
and thus train the model on all 19 classes. Given that our study was conducted in the wild, our data contains a lot
of variability in terms of the living environment, the placement of the device, and the way the activities were
performed. Thus, in order to effectively measure our model’s performance, we apply a Leave-One-Participant-Out
(LOPO) evaluation.
Using the whole 30-second audio clip, the model was able to identify the set of 19 classes with an average
precision of 84.85%, average recall of 85.67%, and an average F1-score of 83.56% across the LOPO evaluations.
The bar plot in Figure 6 shows the model’s performance for every LOPO evaluation. For participants P1 and P11,
performance was lower compared to the other LOPO evaluations. It is important to note that each participant
has 2 audio clips recorded for each class which means that the model is tested on only 38 samples per participant
with 2 samples per class. Looking at the mispredicted samples for participants P1 and P11, we observed that the
model in some cases was not able to distinguish the different water-related activities, such as washing hands,
washing dishes, shower, boiling, and filling water etc. Moreover, several other activities have similar repetitive
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Fig. 7. Confusion matrices for activity recognition using whole 30s audio clip as input
Table 3. Performance comparison between location-free and location-specific models (kitchen, living room, bathroom)

Location-free
Kitchen
Living Room
Bathroom

# Classes
19
11
4
4

Whole Audio Clip
Precision (%) Recall (%) F1-score (%)
84.85
85.67
83.56
87.17
88.72
86.29
91.43
91.91
90.61
93.75
93.75
92.98

Mid-interaction Segment
Precision (%) Recall (%) F1-score (%)
58.93
60.66
56.92
59.28
64.44
58.69
71.66
75.28
71.04
53.24
57.47
52.55

patterns such as chopping, peeling, grating, or hair brushing. These activities were in some cases confusing to
the model. Last but not least, television and background speech are very hard to distinguish from each other,
especially when the television sound mainly contains speech. This was the case for P1 and P11 where P1 watched
the news, and P11 watched a documentary. In order to further visualize the model performance, the overall
confusion matrix across all LOPO evaluations is depicted in Figure 7.
7.1.2 Location-specific Modelling. Taking into account the fact that users can specify the location of the voice
assistant during setup, we can build location-specific models by limiting classes to their respective context.
Table 1 lists the activities for every location. Although there are several activities that can be considered as
location-free classes (i.e., can happen anywhere), we followed the listing based on how the activities were split
during the study. The majority of activities (11 activities) belong in the kitchen, whereas only 4 activities belong
in the living room and bathroom. Table 3 lists the performance of each of the per-context models. Each model is
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Fig. 8. Confusion matrices for activity recognition using mid-interaction segment as input

trained and tested on its corresponding set of activities. Within each context, typical mispredictions that were
observed included television and background speech, water-related activities such as washing hands and shower,
or washing dishes and filling water, etc. This can be observed in the corresponding confusion matrices in Figure 7.
From location-specific modelling, we observe that reducing the number of classes clearly improves performance
and allows the model to better distinguish classes, especially classes that might share some similar acoustic
properties.

7.2

Mid-interaction Segment as Input

As described previously, the mid-interaction segment is the short audio gap between the user’s query and the
voice assistant’s response.
7.2.1 Location-free Modelling. Similar to Section 7.1.1, we apply a LOPO evaluation using the mid-interaction
segments of our data. The model was able to identify the set of 19 classes with an average precision of 58.93%,
average recall of 60.66%, and an average F1-score of 56.92%. As expected, performance dropped compared to using
the whole audio clip since the amount of acoustic information captured dropped as well. However, when put in
perspective, the audio clips were reduced from 30 seconds to about 2-3 seconds of data. This is approximately an
order of magnitude reduction which caused around 25% drop in precision/recall/F1-score. Moreover, looking at the
overall confusion matrix in Figure 8, we observe that the model is still able to accurately classify several activities
such as microwave, garbage disposal, typing, grating, etc. We observe there is more confusion in water-related
activities compared to using whole audio clips.
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Fig. 9. Bar plot showing the performance scores of every personalized LOSO evaluation of the location-free model using
whole audio clips

7.2.2 Location-specific Modelling. When moving to location-specific modelling, we observed a slight increase in
performance for kitchen activities and a significant increase for living room activities (Table 3). However, for
bathroom activities, performance slightly dropped. This can be explained by the greater overlap in water-related
activities found in the bathroom. Looking at the corresponding confusion matrix in Figure 8, 75% of bathroom
activities include water sounds that can be mispredicted. However, for living room activities, we observe a better
distinction across activities, with some confusion between television and background speech.

7.3

Personalized Analysis

Every user’s environment varies significantly whether in terms of background noise from the ambient hum
of HVAC, or bustling traffic, or in terms of appliance sounds (microwave, blender, etc.) and device placement.
For example, for several participants, the HVAC sound was very loud making it challenging to capture clear
peeling or typing sounds. With some participants, the sound of a dog barking, a family member talking on the
phone in another room, television playing in another room, baby crying, footsteps of a person coming down the
stairs, participant coughing, door closing, phone notification ping, etc. were captured in the background. Except
for the persistent HVAC sound, these background noises were not always present in all recordings. Applying
personalized analysis can further improve performance and create models personalized to every user.
We investigated this personalization by investigating two approaches. The first approach consists of a LeaveOne-Session-Out (LOSO) evaluation per user. In our data collection, participants performed every activity twice,
which can be split into 2 separate sessions (each with 19 activities). Thus, for every user, we investigated building
personalized models by training on one session and testing on the other. Considering training and testing per
person, there is very limited amount of data, but it is important to keep in mind that personalization can be
achieved over time. To that end, we ran such LOSO analysis using whole audio clips per user and demonstrated
an average performance of 92.76% precision, 94.74% recall, and 93.29% F1-score. Figure 9 shows the model’s
performance per LOSO evaluation. Due to the limited training data per user in the LOSO setting, we investigated
another approach that consisted of augmenting our training data per user with data from all other participants;
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i.e. for every target user, the training data consisted of data from all other users in addition to data from one
session of the target user, while the test data consisted of data from the other session. This approach effectively
allowed us to increase our training data while still personalizing the model to every user. This can be considered
similar to how voice assistants request repeating the trigger phrase a few times during setup to personalise
the voice recognition model to a specific user. With this approach and using whole audio clips, we achieved an
average performance of 91.94% precision, 94.27% recall, and 92.65% F1-score which is comparable to the LOSO
performance.

8 DISCUSSION
8.1 Out-of-Scope Sounds
The evaluation procedures presented in this paper were done with a closed set of activities already observed by
the classifier. However, in the real world, voice assistant commands are likely to be accompanied by "unknown"
unclassified sounds or no sounds. Thus, evaluating the classifier using out-of-scope "unknown" classes can offer
additional insights into how the system will handle such real-world situations.
To that end, we collected additional audio data, from 4 participants (not part of the study), of voice-based
interactions accompanied by "unknown" background sounds, that mainly included no sounds as well as a few
instances of dog barking, footstep sounds, and washing machine. The data collection process in this case was not
scripted, and participants were given the devices to use freely. This resulted in 85 audio clips. Using the model
trained on all the audio data collected in the study, we evaluated it on the "unknown" samples and observed
that 78.8% of the instances were predicted as boiling. All instances had an average prediction confidence of
10.5% (± 18.5%). Boiling sounds collected during the study generally included a low bubbling sound which
can be found similar to "no sounds". From our previous LOPO evaluation on our observed activities set, the
prediction confidence value averaged around 83.9% (± 25.2%) which exceeds the average prediction confidence
for the "unknown" instances. Thus, this can be used to define a confidence threshold for classifying and ignoring
"unknown" sounds, i.e. a sound is classified as "unknown" if the top predicted class does not exceed a certain
confidence threshold.
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Recognition Performance vs. Audio Length

In section 7, we evaluated the ability of our framework to recognize activities from 30-second audio clips and
2-second audio clips (mid-interaction segment). To visualize how performance changes with varying audio length,
we ran location-free LOPO analysis on audio clips with variable length. Recall that our audio clips contain around
7 seconds of audio before the interaction. We ran this analysis by looking at the audio segments starting from
when the interaction occurs, which as whole is around 20 seconds. We decreased the audio length and observed
how performance is affected (Figure 10). We observed a gradual increase in performance as the audio length
increases; unsurprisingly, longer audio clips capture more acoustic properties that enable the model to better learn
the acoustic patterns to distinguish activities. But it is worth noting that the improved performance observed for
longer audio segments is also related to the annotation granularity of the data. The AudioSet used for training
the feature extractor contained 10-second audio clips that are labeled at that granularity, despite acoustic events
happening intermittently within the clip. This is natural due to the way acoustic events occur; e.g. chopping
activity occurs intermittently. Thus, the CNN pretrained on AudioSet learned embeddings associated with weakly
labeled 10-second segments. This is similar to our annotation process during the study, wherein we label the
whole 30-second clip as one acoustic event despite the clip containing intermittent sounds as well as speech
sounds. Thus, when taking shorter audio segments of the interaction such as 3-second clips, labeling them as the
original label might not work as the segment might only contain speech. On the other hand, we posited that the
drop in performance with shorter audio clips is also attributed to the fact that the audio signal is overlapped
with speech. Specifically, the short audio clips tend to contain more speech than background sounds. Analysis of
background sounds in the presence of speech is challenging to the inference model due to the mixed signal.

8.3

Voice Interaction Masking

To reiterate, the 30-second audio clip captures background sounds as well as the user’s interaction with the voice
assistant, which includes the user query and the voice assistant’s answer. In our analysis so far, we did not deal
with the human or machine speech present in the audio clips. Given that our current focus is on background
sounds, we investigate the effect of removing the voice interaction from the audio clips on the model’s ability to
classify activities. To that end, we initially explored stripping the voice bands, that typically fall in the range
of 80Hz - 3KHz, from the audio input [47]. This was done by applying a band-stop filter that eliminates the
human voice. However, this approach proved challenging because, while the human speech content became
unrecognizable, the machine speech was still recognizable and was just attenuated to a whisper. Moreover, the
quality of the background sounds was reduced. In order to better eliminate both human and machine speech
present in the foreground while preserving the original quality of background sounds, we explored a simple
background-foreground separation method that is based on the REpeating Pattern Extraction Technique (REPET)
method [37]. This method assumes the background has repeating elements and uses a similarity matrix and
median filtering to compute a time-frequency masking of the spectrogram. Although this method was proposed
for the task of music-voice separation, we investigated its use for our application. Initially, we applied this method
to the whole 30-second audio clip. However, we observed that for some activities that include speech sounds in
the background, e.g., mainly background conversation and television, this method masked background speech
sounds as well. For our purposes, our focus was to apply a masking of the voice interaction only while preserving
background sounds as much as possible. Therefore, we then reduced the time range to which we apply the
masking method to the range where the voice interaction falls, which in most cases was on average between the
7𝑡ℎ second and the 15 − 20𝑡ℎ second of the whole 30 second clip. Figure 11 shows the log-mel spectrogram of a
sample audio clip before and after masking the voice interaction. Using the background log-mel spectrograms,
we repeated the same location-free LOPO evaluation and observed a performance of 78.63% average precision,
78.99% average recall, and 76.81% average F1-score, an approximate drop of 6% in performance compared to using
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 1, Article 2. Publication date: March 2021.

2:18

•

Adaimi et al.

Fig. 11. Log-mel spectrograms of a sample audio clip before and after masking the voice interaction. Time-frequency masking
applied to the original spectrograms results in background and foreground (voice interaction) separation. The background
log-mel spectrograms are then used to train and evaluate our activity recognition framework.

the original audio without voice interaction masking. This drop in performance can be attributed to the fact that
masking the voice interaction compromised the audio content leaving a blank spot in the spectrograms used as
input to our recognition framework, as can be see in Figure 11.

8.4

Location Context Inference

With voice assistants, users have the ability to specify the location of the device during setup. This allows
location-specific classification. However, it is often the case that users fail to specify the location or even change
the device’s location after some time. Thus, automatically inferring the physical context of the voice assistant
would be beneficial for enabling location-specific classification without user intervention. Moreover, inferring
the location of the device can help provide more context to the voice assistant thus ultimately improving their
use and creating new experiences tailored to specific locations. In order to achieve that, activity classes predicted
by our system can act as proxies for the location context. To illustrate, if the system predicts a series of activities
typically performed in the kitchen (e.g. chopping, frying, etc.), we can infer that the device is placed in the kitchen.
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Fig. 12. Confusion Matrices for location context inference

In order to simulate this experiment, we applied a LOPO evaluation wherein we tested our location-free model,
trained to classify all 19 classes, on 4 randomly selected clips from the hold-out participant for each context
(kitchen, living room, and bathroom). The model predicts the activity in each clip individually, and then a majority
voting scheme is applied to the set of predicted activities for each context in order to infer the device’s location.
For each participant, we repeated this process 10 times with randomly sampled clips within each context.
Using whole 30-second audio clips as input, on average, we achieved 96.81% precision, 95.24% recall, and 94.76%
F1-score in location context inference. This shows the possibility to automatically infer the device’s context after
setup by utilizing the predicted activities captured during the first few interactions. Further investigating the
results, we observed that kitchen and bathroom were sometimes confused with each other due to several classes
in both locations belonging to water-related activities. Figure 12 depicts the overall confusion matrix of all the
repeated iterations combined.
Additionally, the same experiment was implemented using the mid-interaction segment as input. As was
already observed, when constrained with those short audio clips, activity recognition performance drops. This
was also observed in location inference wherein, on average, a precision of 89.80%, a recall of 83.81%, and an
F1-score 84.13% were achieved. Similarly, the confusion matrix is plotted in Figure 12.

8.5

Comparison to Prior Work

Several prior efforts have evaluated audio-based activity recognition systems. Due to differences in experimental
design and evaluation metrics, it is difficult to compare them against each other in terms of performance. In this
section, we present a more focused discussion of this prior work in light of the results we obtained in our studies.
As mentioned in Section 2.3, Laput et al. applied audio augmentation to the AudioSet data using sound effect
libraries to build an audio context classification framework. Their best model, trained on this augmented data,
achieved 80.4% overall accuracy for classifying 30 activity classes across 7 location contexts recorded in the wild.
When trained using the AudioSet without augmentation, their overall accuracy dropped to 69.5% when tested
on their real-world data. Liang et al. presented a similar work, in which an audio-based activity recognition
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framework was trained using 519,270 AudioSet embeddings extracted from a VGGish network pre-trained on the
Youtube-100M dataset. They further showed that random oversampling of those embeddings prior to training
the classifier boosts their overall accuracy. Thus, testing their model on a real-world data collected from 14
participants, they achieved an average top-1 accuracy of 64.16% when classifying 15 activity classes. They further
applied a top-3 classification scheme which resulted in 83.6% average accuracy.
Similar to prior work, we leverage transfer learning by utilizing a model pre-trained on AudioSet as a feature
extractor. However, unlike prior work, we train our classifier on our real-world data instead of an augmented
or oversampled version of AudioSet. Thus, our training data does not exceed 500 samples (around 4 hours of
data). Moreover, we are constrained by the question/answer mode of the voice assistant which restricted the
length of our audio clips captured, and thus the amount of relevant acoustic information. Keeping in mind
that the data is only captured when a user interacts with a voice assistant, every clip, therefore, includes this
speech-based interaction which can make the recognition task more challenging. Despite the limited amount
of data, we were able to achieve comparable and even better results compared to prior work when classifying
19 classes across 3 location contexts, achieving 85.7% average accuracy when training using whole audio clips
in the location-free setting. This slight improvement in performance can also be attributed to the additional
complexity of the pre-trained CNN model used compared to pre-trained VGGish network used in prior work.
Our recognition framework includes two additional convolutional blocks and applies an entire audio clip for
training as opposed to splitting the audio clip into segments.

8.6

Privacy Considerations

Audio has been extensively and successfully used as a sensing modality in activity recognition [24, 26]. However,
while ambient audio has the potential to support contextually-relevant and finely-grained activity sensing, audio
recording in the home runs the risk of capturing privacy-sensitive data. Naturally, the more data is captured, the
more opportunities exist for identifying relevant signatures of behavior and context. On the other hand, extensive
audio recording increases the chance that privacy issues emerge. We addressed this optimization problem by
minimizing data collection as much as possible, and thereby prioritizing privacy. As previously discussed, the
audio we obtained and analyzed was restricted to the sounds captured during the voice-based interactions with
the assistant only. Nonetheless, even simply recording people’s interactions with voice assistants can still be a
concern, especially given people’s perception of smart speakers in general. Prior work have shown that users
have mixed opinions in regards to the device’s ability to learn things about them, with some perceiving the
benefits of such a feature depending on the context, which follow established theories presented in Contextual
Integrity [1, 2, 30]. Additional steps can be taken in an effort to further mitigate privacy concerns. Applying
speech filtering or voice masking techniques, as presented in Section 8.3, can help remove sensitive speech data.
In terms of awareness and transparency mechanisms, it is possible to provide users with privacy notices, help
them better understand risk-benefit trade-offs, and let them set privacy controls.

8.7

Limitations

Our evaluations show promising results in making use of voice-based interactions with conversational assistants
to recognize activities of daily living even when restricted by the amount of audio data we are able to capture.
That said, our work also has noteworthy limitations.
In our semi-naturalistic study, we collected data from only 14 participants, and they were explicitly instructed
to perform a set of activities. However, our set of participants was highly diverse, representing individuals from
all age groups and gender. Additionally, data collection occurred in participants’ own homes, using their own
tools, e.g., pots and pans. Moreover, participants were asked to perform the activities naturally, as if they were
not part of a study. This allowed us to capture more variability and personalized data for each user.
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Another limitation of the study was the lack of simultaneous activities. Real world settings can often be chaotic
as people multitask, with multiple sounds occurring at the same time. Our system and evaluations focused on
one activity at a time, and thus, did not include non-overlapping sounds originating from multiple activities. In a
noisier environment, accuracy would suffer, as was observed with some participants’ data. Taking advantage of
sound augmentation methods for creating complex sound mixtures might be one way to improve the robustness
of acoustic classification models.

9

FUTURE WORK

There are numerous opportunities for extending our work. As the pace of technical development in speech
processing continues, conversational assistants are evolving to allow for more natural (voice) interactions,
breaking away from the nearly exclusive question/answer mode we have today. This has already been seen in
Google Assistants with the "Continued Conversation" feature that allows back-and-forth interactions [6]. With
this feature, the mic listens for requests for up to 8 seconds, enabling users to have a more natural interaction
with the voice assistant without having to say the wake word prior to each command. In future work, we plan to
investigate how this continuous mode of interaction can help improve the performance of our approach, and
support other types of recognition.
A highly promising research direction that we did not explore in this paper is the analysis of the content of
exchanges between people and their assistants. While our work only focused on background sounds captured
during interactions with the voice assistant, a person’s activity could also be inferred from the type of query. If a
user asks a question about a recipe, they are likely to be cooking. The semantic analysis of speech interaction is
highly complementary to the acoustic-based methods presented in this work.
Lastly, we believe that voice-based interactions with conversational assistants can enable many contextdriven applications in various domains, and particularly in healthcare. For example, by extracting acoustic
biomarkers from audio interactions, assistants could identify speech and activity patterns associated with
cognitive impairments such as dementia. The devices could play even more active roles, such as by acting as
virtual caregivers, reminding seniors of their daily tasks, medication schedule, and serving as the foundation for
home-based interventions.

10

CONCLUSION

Voice-based interactions with conversational assistants capture background environmental sounds that can
be a rich source of context. In this paper, we investigate the potential use of such data to recognize essential
activities of daily living. We conducted a semi-naturalistic study in real-homes using an add-on accessory for
the Google Home device. Critically, the accessory collected audio data without affecting the assistant’s main
functionalities. In the first step of our approach, the data was processed using a recognition framework that
utilizes a pre-trained model on AudioSet as a feature extractor. Secondly, we trained a classifier to recognize 19
common home-related activities. We evaluated our system in both location-free and location-specific settings with
promising performance and robustness to environmental variability. We achieved 83.56% F1-score in location-free
evaluations with an increase in performance for location-specific evaluations going up to 92.98% for bathroom
activities. In sum, this research represents a step forward in building systems that recognize activities of daily
living in real-world settings while leveraging the ubiquity of conversational assistants in the home.
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