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ABSTRACT

Recent advances in fabric-based sensors have made it possible to
densely instrument textile surfaces on smart toys without changing
their look and feel. While such surfaces can be instrumented with
traditional sensors, rigid elements change the nature of interaction
and diminish the appeal of plush toys.

In this work, we propose FabToy, a plush toy instrumented with
a 24-sensor array of fabric-based pressure sensors located beneath
the surface of the toy to have dense spatial sensing coverage while
maintaining the natural feel of fabric and softness of the toy. We
optimize both the hardware and software pipeline to reduce overall
power consumption while achieving high accuracy in detecting a
wide range of interactions at different regions of the toy. Our con-
tributions include a) sensor array fabrication to maximize coverage
and dynamic range, b) data acquisition and triggering methods to
minimize the cost of sampling a large number of channels, and c)
neural network models with early exit to optimize power consumed
for computation when processing locally and autoencoder-based
channel aggregation to optimize power consumed for communi-
cation when processing remotely. We demonstrate that we can
achieve high accuracy of more than 83% for robustly detecting and
localizing complex human interactions such as swiping, patting,
holding, and tickling in different regions of the toy.
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1 INTRODUCTION

Stuffed toys are often a child’s first friend and play an important role
in a child’s cognitive, physical and emotional development. Stuffed
toys are also very important for building social skills through pre-
tend play and role playing. For example, when a child grooms or
feeds a stuffed toy, they mimic everyday interactions which then
transition into a social world. Through the process of caring for a
stuffed toy, they also build empathy and kindness. Such interactions
also play an important role in language skills since children act out
stories and scenarios with their toy.

While highly instrumented stuffed toys can be useful for parents
and experts to observe and understand how children are developing
in their natural environment, a challenge is how to incorporate
sensing elements in smart toys without changing their feel and
texture. Despite significant development in high-tech toys that
incorporate a variety of sensors and actuators, they lose the soft
feel and touch due to the need for rigid sensor elements to be placed
near the surface of the toy. As a result, they are not as attractive
to children who are drawn to the softer and more squishy plush
toys [8]. To compromise, smart toy manufacturers usually only
place a small number of sensors on the surface of the toy, typically
only one or two. This in turn diminishes the ability to measure
fine-grained interaction with different regions of the toy.

Recent works on fabric-based sensors [10, 11, 13, 18, 42-44]
present a promising alternative to overcome traditional limitations
in designing instrumented soft toys. These sensing techniques use
familiar garments made of cotton and silk thread, and imperceptibly
adapt them to enable sensing of pressure and touch signals to
yield natural fabric-based sensors. In addition, fabric-based sensors
have improved in their sensitivity which now make it possible to
instrument soft toys with such sensors beneath the surface of the
felt on the toy, thereby making them even less obtrusive.

These advances present a new possibility to create highly instru-
mented toys that integrate a large number of sensors to measure
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fine-grained and spatio-temporally complex interactions. In con-
trast to interaction with most rigid toys, interaction with soft toys
is much more complex often involving both hands and body con-
tact. These interactions can range from holding, patting, or tickling
the toy while simultaneously squeezing or holding it. The high-
dimensional nature of the interaction possibilities and methods,
dynamic pressure intensity based on the type of interaction and
the location it is applied to, and varying sensing region surface
area require an equivalently high degree of instrumentation of the
toy in order to accurately determine the type of interaction and
makes single-threshold based pressure sensing methods obsolete.
As a result, conventional binary buttons fail to track such complex
interactions, while rigid pressure sensors change the feel of the toy
and can interrupt natural behavior with the toy.

In this paper, we describe an end-to-end hardware and soft-
ware design of such a highly instrumented soft toy, FabToy (Fabric-
enhanced Toy), and how we tackle the myriad challenges at the
different system design layers. In designing FabToy, we tackle engi-
neering and design challenges across the stack from optimization
of form-factor, sensor data acquisition, low-power analytics and
low-power communication.

From a sensor design perspective, FabToy is designed to compre-
hensively capture a range of complex interactions that are expected
with smart toys by equipping it with a dense array of two dozen
fabric-based pressure sensors to enable fine-grained sensing while
covering the majority of the interaction surface of the toy. The
sensor array is embedded under the felt surface of the toy such that
it is fully invisible and imperceptible to the user. To ensure high
sensitivity despite the fact that the sensors are placed beneath the
felt surface, the sensors are optimized by reducing impedance using
an ionized solution to ensure that it can capture key interactions.
In addition, sensor conditioning circuits are designed to have high
dynamic range by exposing both amplified and unamplified chan-
nels thereby providing high signal to noise ratio while capturing
both gentle and rough interactions with the toy.

From a hardware design and data acquisition perspective, we
design an ultra-low power and small-factor hardware that is placed
deep within the toy to amplify, filter, and acquire signals from
48 sensor channels (two channels per sensor). We optimize the
amplification and data acquisition circuits using low-power analog
multiplexers and optimized sampling to acquire data from 48 analog
channels simultaneously with very low power consumption while
rejecting common noise sources like powerline interference.

In terms of data analytics, we consider both local and remote
processing — local processing would be suitable when the smart toy
is intended to execute autonomously without requiring connection
to an external device or the Internet, and remote processing allows
it to stream data to a phone or computer to enable a broader range
of web-based interactive storytelling applications. By efficiently
supporting both modes, we provide maximal flexibility in terms of
use-cases of the smart toy.

To optimize local processing, we utilize machine learning to
fuse the sensor data from the large number of sensor channels to
classify simple and spatio-temporally complex interactions with the
smart toy, as well as localize these interactions. We optimize this
model to deal with several issues such as cross-talk between sensor
elements as well as other confounders, while also ensuring that it
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is lightweight enough to fit within the resource constraints of a
low-power microcontroller. To achieve this, we design a resource-
aware Convolutional Neural Network model with early exit at
intermediate layers such that overall computational overhead can
be minimized.

To optimize the remote processing pipeline, we compress the
multi-channel data by leveraging correlations between the differ-
ent streams and transmit this over a BLE radio. The aggregation
technique is an auto-encoder that aggregates streams that have sim-
ilar data to reduce transmission overhead. The remote model can
be more resource-intensive than the local model since the remote
device has more resources.

Our end-to-end implementation and evaluation shows that

e FabToy can classify single interactions with accuracy of 86%
and complex interactions with accuracy of 83%, and this
is better than several alternative resource-constrained ML
models. We show that this accuracy can further increase to
92-94% for medium-grained and coarser-grained classifica-
tion.

o In case of local processing, the use of early exit reduces pro-
cessing power consumption by 45% while losing only 4% ac-
curacy, enabling embedded signal processing on a low-power
microcontroller for real-time classification and interaction.

e In case of remote processing, we show that dynamic channel
dimension reduction using an auto-encoder reduces trans-
mission power consumption over a BLE radio by 43%, while
sacrificing only 2% accuracy.

e We implement the full FabToy system from sensor to proces-
sor to radio. Our hardware power and latency benchmarks
on the nRF52840 low-power microcontroller with BLE radio
show that our implementation is lightweight and can be
executed with low delay and low power consumption and is
practical for real-world deployment.

2 FABTOY HARDWARE DESIGN

The hardware architecture of FabToy designed to achieve three main
goals. First, the final prototype needs to look and feel identical to a
typical plush toy. Second, we wish to achieve complete coverage
across the toy to be able to capture a wealth of complex interactions
across different locations of the toy. Third, we wish to ensure that
we obtain high signal quality across a range of pressures applied
during interaction, from very gentle pressure during tickling to
moderate pressure during rubbing to orders of magnitude higher
pressure while squeezing the toy.

We now describe the fabric-based sensors that we use and the
design of the sensor array in FabToy.

2.1 Fabric-based Sensors on the FabToy

FabToy is designed to look and feel identical to a typical plush toy
to ensure that children do not alter their behavior towards using
the toy. To achieve this, we need sensors to be placed beneath the
felt surface of the smart toys and need to be imperceptible in terms
of look and feel of the toy. This means that the sensors need to be
extra-sensitive to capture to a range of interactions from gentle
tickling to squeezing despite being under the felt surface.
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Figure 1: Fabric-based pressure sensor used in FabToy The
sensor responds to changes in pressure by changing its re-

sistance which can be measured using a voltage divider.

Towards this end, we designed FabToy by leveraging recent
developments in textile-based sensors. The fabric pressure sensors
are implemented using a design presented in [14, 18]. The sensors’
structure, electrical equivalent, and measurement method is shown
in Fig. 1. The sensors detect pressure applied on two electrodes by
changing the resistance of the layer within.

Since typical fabrics present very high resistance, we lowered
the resistance of the middle layer by coating the fabric with an
ion-conductive polymer that provides ion-conductivity to its fibers.
As a result, the resistance of the fabric can be lowered by multiple
orders of magnitude and increases the sensitivity by introducing
more conductive paths between electrodes.

The use of fabric as the sensing substrate enables the sensors
to conform to the shape of the toy to maximize sensing efficiency
in the region of interest. In contrast, traditional force sensors are
usually point sensors due to their rigid nature; even if flexible
force sensors are used, they are not capable of bending in multiple
directions, thus changing the feel of the toy. In addition, flexible
and push-button sensors are more susceptible to mechanical aging
and wearing out. Additionally, fabric sensors provide the flexibility
to fit to odd 3D shapes such as noses and ears; this is an advantage
we utilized in designing FabToy

2.2 Array of Fabric-based Sensors

To achieve fine-grained sensing of interaction, the toy needs to
be covered with a large number of sensors so that we can detect
which part of the toy is being interacted with and the specific type
of interaction. High spatial fidelity is particularly necessary given
that interactions with soft toys tend to involve both hands and
sometimes also the torso (e.g. while hugging the toy). A single large
sensor that covers a large surface of the toy would only capture the
overall pressure on the toy, so we would lose both information about
the location of interaction (e.g. stomach vs leg) and information
about more nuanced interactions such as tickling a toy with one
hand while holding the toy with the other.

To achieve high spatial fidelity, FabToy has 24 sensors placed at
strategic locations such as hands, arms, feet, ears, stomach, nose,
and some other locations that might typically undergo various
interactions from children. Figure 2 shows a high-level view of the
multi-sensor array used in FabToy.

Amplified and unamplified sensor streams: while designing

FabToy, we consider dealing with the wide variation in pressures
across which we need to obtain a good signal. Soft toys can be
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handled in a variety of ways from very gentle pressure to tight
squeeze and this results in a few orders of magnitude change in the
signal strength.

While increasing the sensitivity of the fabric-based sensor achieves
some of this goal, it is not sufficient by itself. Therefore, we also split
each textile sensor into two sensor streams — an unamplified stream
to deal with medium to tight handling and an amplified stream for
very gentle handling. The amplified data stream uses a band-pass
filter to increase the signal to noise ratio (SNR) and helps us acquire
very weak signals such as during tickling, whereas the unamplified
streams helps us acquire large signals such as squeezing hard or
strong swiping actions.

Analog multiplexing the sensor channels: The large number
of channels (48 in total across amplified and unamplified streams)
introduces a number of downstream challenges in sampling and
processing the signal. At the hardware level, we need to deal with
the fact that typical microcontrollers used on low-power devices
have only a few Analog to Digital Converters (ADCs). However,
we can take advantage of the fact that we do not need very high
sampling rates for the individual sensors.

The data acquisition pipeline is shown in Figure 2. We start
with a voltage divider that senses the resistance of the pressure
sensors. The output voltage represents the pressure applied on the
fabric surface. Then, we use analog multiplexers in our design to
uniformly sample all the channels using control signals issued by
the microcontroller.

While low sampling rates can suffice to capture the interactions
of interest, we are limited by the need to filter powerline noise.
While power line noise is typically not large for rigid electronics
force sensors that have a very small surface area, the large surface
area and relative large sensor impedance of textile sensors in FabToy
make them very good receptors for electromagnetic noise. We use
a sufficiently high sampling rate (160 Hz per channel) to be able to
filter out powerline noise. We then apply a simple moving average
filter inside the microcontroller with a cut-off frequency of 12 |
to remove powerline interference. Since the frequency of even the
faster interactions like tickling is well below 12Hz, this allows us
to retain the signal of interest while removing noise.

Hardware power consumption: To keep the electronics’ power
consumption as low as possible, we carefully chose ultra-low power
Op-Amps, regulators, and analog multiplexers that, in combination,
consume two orders of magnitude lower power than a low-power
microcontroller.

2.3 Computational Challenges

The choices made in our FabToy hardware impacts the design of
the downstream modules in several ways.

Large number of channels The overarching problem is that
the large number of sensor channels increases computation and
communication overhead. Even though each channel is sampled at
a low rate, the fact that we have 48 channels makes the cumulative
sampling rate quite high, which increases overhead for downstream
both analytics on the low-power microcontroller and communica-
tion via a low-power radio.

Cross-talk between sensors In contrast to electronic rigid force
sensors, the fabric pressure sensor we use are double-sided, i.e. they
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Figure 2: High level hardware design in FabToy
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Figure 3: The data streams from stomach and chest sensors
during four repetitive swiping interaction on each of these
sensors. As can be seen in the figure, the stomach sensors
captures pressure changes during swiping the chest.

sense pressure applied from both sides of the sensor. As a result,
they are also affected by internal movements of the toy stuffings,
which might be caused by interactions with other sensors. Cross-
talk also occurs when interaction with one sensor leads to pressure
being applied on other sensors. For instance, the close proximity
of nose and mouth sensors will lead to interactions with the toy’s
nose to cause changes in the mouth sensor as well.

Cross-talk also occurs during complex interactions that involve
holding the toy with one hand while interacting with the other
hand. Since the sensors are interconnected through the toy, there
are cross-talk between the two sensors involved in the interaction
i.e. anchor sensor that is being held and the interaction sensor. As a
result, while the child is performing an interaction, a reverse force
is applied to the anchor sensor as well. For instance, holding the
hand while swiping the forehead can lead to the swiping signal
being visible at the hand sensor as well.

An example of cross-talk is presented in Fig. 3. We see that the
chest and stomach sensors clearly pick up their corresponding

interaction signals, however, the stomach sensor is also affected by
swiping the chest.

Effect of Humidity A second challenge is that fabric-based pres-
sure sensors are affected by humidity as well as pressure i.e. these
sensors will have reduced resistance in a humid environment, sim-
ilar to being under pressure. As a result, the output baseline will
depend on base pressure as well as humidity.

3 DATA ANALYTIC PIPELINE

In this section, we present building blocks constructing the data
analytic pipeline in FabToy. The aim of data analytic pipeline is
to overcome the data volume and cross-talk challenges presented
in Section 2.3 to achieve high accuracy while optimizing power
consumption.

3.1 Signal processing pipeline overview

The overall computational pipeline with the local and remote pro-
cessing branches is shown in Figure 4. The initial stage is a trigger-
ing stage wherein the sampled data from 48 analog channels are
fed into a trigger block to ignore idle states when no interaction is
happening with the toy.

Once interaction is detected, we have two possible downstream
pipelines depending on whether the data is locally or remotely
processed.

Local processing pipeline: The first scenario is locally process-
ing on a low-power microcontroller to facilitate the design of a
fully self-contained smart toy that does not need to interact with
an external device in-order to operate. (While feedback is not the
focus of this work, we envisage that tactile or auditory feedback
can be incorporated into FabToy to enable such a smart toy).

Since we use TensorFlowLite [37] to build our model for microcontroller-

class platforms, we focus on convolutional neural network models
that are supported by this framework. For example, bidirectional
LSTM layers are not supported by TensorFlowLite, so we do not
use models that leverage temporal dependencies.
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Figure 4: Structure of our implemented machine learning model in FabToy.

To reduce computational overhead of our model, the main key
idea in this pipeline is to introducearly exit block®etween layers
of our neural network to reduce computation time and power.

Remote processing pipeline:  The second is remote process-
ing, where raw data is transmitted to a smartphone-class device to
0 oad computation and enable interaction that involves an exter-
nal device. This can enable a range of digital applications where
the smart toy may be part of a larger story-telling or educational
platform.

Here, the key idea is to insert dynamic channel aggregation
blockreduces the size of the data to be transmitted to reduce radio
power consumption.

We explain these building blocks in more detail.

3.2 Wake-up trigger

Since interactions tend to be bursty, the rst stage of our signal
processing pipeline is a wakeup trigger to detect when the Fabtoy is
in idle state where there is no interaction versastivestate when
there is interaction.

The triggering module is based on the intuition that any activities
happening on the toy will cause signal distortions, especially, on the
ampli ed signals. As a result, standard deviation of the ampli ed
channels is a simple indicator of activity. Please note that some
interactions cause very weak vibrations on the surface of the toy,
which will be naturally Itered as the vibrations penetrate through
the toy's stu ng, which is why an IMU-based triggering cannot
detect such interactions and will cause false negatives.

To adapt this block to dynamic changes such as changes in am-
bient powerline noise, and the fabric resistance due to temperature
and humidity (which a ects the standard deviation of analog chan-
nels), we use a dynamic threshold based on summation of the stan-
dard deviations of all ampli ed channels, as shown in Equation 1.

O

(c =U mint BCHE, ©° 1)

0<?

Here <7 isthe set of 24 ampli ed channels ardrepresents
the tuning coe cient. For each time window, the sum of standard
deviation of voltage traces in ampli ed channels is compared with
this threshold to decide whether to trigger a wakeup.

We note that this module would normally be implemented in
analog to avoid the MCU having to wakeup and sample the channels.
In our current implementation, we implement the module on the
MCU for ease of prototyping.

3.3 Local Processing

The local processing model in FabToy consists of 5 layers of neural
networks with batch norms and ReLu layers. To optimize compu-
tation power consumption, we introduce early exits in between
neural network layers.

Convolutional layers:  In our design, we apply and stack con-
volutional layersfL to help learn the cross-talk between sensors.
A single convolutional layer can only capture the patterns within a
limited range which we call theReceptive Fieléfor example, a con-
volutional kernel of size three maps sensor data from three adjacent
sensors into one data point of the feature map. However, cross-talk
can extend to farther away sensors, particularly for complex inter-
actions where it is di cult to precisely determine which sensors
are being impacted by the pressure at the anchor and interaction
locations.

Since the physically adjacent sensors cannot always be adjacent
in the input matrix to the neural network, we stack convolutional
layers in a multi-scale manner in our design so that the early lay-
ers with smaller receptive eld can capture near- eld patterns of
the sensors that are adjacent in the data plane; the latter layers
with larger receptive eld could perceive the potential cross-talk
relationship between the sensors that are far away in the data plane.

Batch norm:  In order to overcome the humidity-related artifacts,
we embedatch Norn{16] layers in the feature extractor stage to
standardize the internal features after each convolutional layers.

MobiSys 22, June 25 July 1, 2022, Portland, OR, USA
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The Batch Norm layer not only contributes to the steadying of
our training process by whitening the features and mitigates the
biased distribution but also help rectify the biased input due to the
humidity during the model inference time.

Local early exit:  To reduce the computation time and energy
cost, our computational pipeline endows the network with early ex-
its, thereby allowing us to obtain predictions at intermediate stages
in the pipeline. Early exit is a well-known strategy to optimize the
computational e ciency of a neural network 20 33. The intuition

is that the majority of data cases can be classi ed with only a few
layers, and only a few more complex data cases require the entire
deep learning pipeline.

Table 1 shows the structure of our model thé&eature Ex-
tractor consists of ve blocks of 1-dimensional convolutional lay-
ers Conv1-5 following by Batch Norm (BN) layer as well as a
Recti ed Linear Unit [27 (ReLU6), and a fully connected layer
(Densel).

We make the prediction based o8 raw sensor data at the
granularity of a second. The classi cation result will only be gen-
erated once within the given time window, which indicates the
categories of the interaction and position for the given time period.
In our experiments, we use a time window &fseconds with2
seconds of overlap between windows.

3.4 Remote Classi cation Model

The remote model is similar to the local model except for two dif-
ferences. First, we introduce a data reduction module to minimize
communication overhead. Second, we remove the early exit mod-
ules since we do not have as stringent resource limitations at the
remote device.

Dynamic channel aggregation: ~ To reduce communication cost,
we reduce the input dimension by down-sampling the time series

data for all channels. We aggregate channels by using an auto-
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within a larger interaction session. Our datasets focus currently
on individual interactions (both simple and complex ones), hence
we do not leverage such models, but these present a rich area for
further exploration.

4 IMPLEMENTATION

In this section, we describe the implementation of our FabToy pro-
totype.

We used a plush teddy bear to implement FabToy, shown in
Fig. 5a. The gure also highlights the placement of 24 fabric sensors
on the toy. We note that the fabric sensors are plaesttierneath
the felt therefore there is no change to the feel and texture of the
exterior of the toy.

Fabric sensor design and placement: The textile pressure patches
are made from 3 layers. The two outer layers are silverized nylon
fabric acting as electrodes that cover the middle layer, which is
the functionalized cotton gauze. The size of these patches varies
from2 22<2t03 32<2depending on their placement. The
cotton gauze is sonicated in deionized water for 15 minutes, rinsed
with isopropanol, then heated at00 for 2 hours. The treated
cotton gauze patches are rinsed once more in isopropanol and dried
overnight. Finally, this layer is coated with per uorosilane using
vapor deposition to add wash-stability to the sensor.

To measure the resistance of the sensors, they are connected to a
voltage divider circuit where one of the electrodes is grounded (as
shown in Figure 1). For shielding purposes, we place the grounded
electrode outward and closer to human skin during interaction. This
is due to the fact that human body carries electrical charge, which
can be coupled into the sensors and confound the interaction signal.
By grounding the outer plane, we make sure this extra charge is
routed to ground and that it will not show up in the output signal.

Electronics board: The sensors are internally routed to a PCB
(Fig. 5¢). The board uses o the shelf components listed in Fig. 5d.

encoder that aggregates the streams to reduce the number of data It receives signals from 24 sensors, lIters them, and then creates
streams to the desired value. The auto-encoder structure consists two sub-channels, one ampli ed and one unampli ed. Then the

of a pair of encoder and decoder. In our setting, the encoder will be
on the loT devices to e ciently aggregate and encode the original
streams into smaller size. While the the auto-encoder can work in
an unsupervised manner, we jointly train the encoder and decoder
together with our prediction pipeline for better performance. We
manually assign the number of the streams that the auto-encoder
should learn to aggregate during each training.

The number of output streams directly a ects the size of required
data to be transmitted through the radio, and as a result, directly
reduces communication power consumption. The trade-o between
reducing data streams and the drop in system's accuracy is studied
in Section 5.3.

Remote computationalmodel: ~ The remote classi cation model
that we use is similar to the local one (it has the sag@nvolutional
and batch normlayers), however, it does not have the early exit
modules since compute resources are not as limited in the remote
device.

We note that one of the major advantages of remote processing is
the ability to leverage more complex models. For example, the local
model does not maintain state over time but the remote model can
take advantage of temporal context to place the current interaction

resulting 48 channels are multiplexed into 8 ADC channels of the
MCU using 4 analog multiplexer ICs. Each multiplexer outputs two
out of its 12 inputs according to the address bits provided by the
microcontroller. Finally, the microcontroller digitizes and transmit
the data to a laptop using Bluetooth Low Energy (Fig. 2).

The microcontroller runs an application that provides address
control signals for the multiplexers, reads the analog channels
from 8 analog input pins, creates packets from the samples and an
index for packet loss detection. A moving average lter over seven
samples and duty cycling is used to reduce power consumption.

Implementation of classi cation model: For the classi ca-
tion task, we have both single interactions (interaction at one loca-
tion) and complex interactions (two concurrent interactions). For
the given time window, we use the tuple (interacti@position)
that is most frequently shown as the ground truth for the single
interaction; and similarly for complex interactions, we use the most
frequently seen two single interactions as the ground truth.

We use leave one out as cross validation for the model training.
Due to the fact that many of the ground truth labels are "no inter-
action" in the collected data and the labels are unbalanced, we use
a data sampling technique to balance the labels in the dataset for
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