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Fig. 1. Knitted sensor designs and applications. (a): Rectangular touchpads of varying size, knitted with carbon-coated nylon
and polyester yarn. (b): The real-time sensing controller connected to a knitted touchpad through electrodes at the yarn
endpoints. (c): Data collection performed with a 36-button knitted touchpad. (d): Three knitted fabric prototypes of varying
patterns composed of the same carbon-coated nylon yarn, and polyester yarn.

Recent work has shown the feasibility of producing knitted capacitive touch sensors through digital fabrication with little
human intervention in the textile production process. Such sensors can be designed and manufactured at scale and require
only two connection points, regardless of the touch sensor form factor and size of the fabric, opening many possibilities for
new designs and applications in textile sensors. To bring this technology closer to real-world use, we go beyond previous
work on coarse touch discrimination to enable fine, accurate touch localization on a knitted sensor, using a recognition model
able to capture the temporal behavior of the sensor. Moreover, signal acquisition and processing are performed in real-time,
using swept frequency Bode analysis to quantify distortion from induced capacitance. After training our network model, we
conducted a study with new users, and achieved a subject-independent accuracy of 66% in identifying the touch location on the
36-button sensor, while chance accuracy is approximately 3%. Additionally, we conducted a study demonstrating the viability
of taking this solution closer to real-world scenarios by testing the sensor’s resistance to potential deformation from everyday
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conditions. We also introduce several other knitted designs and related application prototypes to explore potential uses of the
technology.

CCS Concepts: « Computing methodologies — Neural networks; Machine learning algorithms; Supervised learning by
classification; Cross-validation; « Human-centered computing — Interaction techniques; Ubiquitous and mobile
computing; Interaction devices; User studies; Usability testing.
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1 INTRODUCTION

The ubiquity of textiles, as well as their soft and flexible nature, makes them an appealing medium for tangible
embedded interactions. Textile touch sensors have been created through various manufacturing techniques
such as weaving [30], embroidery [29], and knitting [33] to investigate their efficacy toward creating flexible
interfaces. The interaction potential of textile sensors has been demonstrated through the introduction of various
application prototypes and use cases [15, 25, 30, 40]. However, for textile-based touch sensors to conform to users’
expectations and have real-world viability, there are many practical considerations that must be addressed. One
important aspect is designing toward scalable manufacturing to create textile devices that take advantage of mass-
production techniques and that use commercially-available materials. Another is recognizing that the physical
demands regularly placed on textiles must not interfere with the device’s performance. In particular, textile
touch sensors must maintain integrity and sensitivity, while easily flexing, folding, stretching, and dynamically
conforming to the human body in motion [10]. These needs, however, are not satisfied by many existing fabric
touch sensors that model their circuit designs on conventional touch interfaces. Such sensors rely on a multitude
of wires or relatively complex, connected layers to sense input. This intricate construction reduces durability and
leaves such sensors susceptible to damage and deterioration from bending, especially at fabric-to-wire connection
points.

To address durability and connectorization, as well as production at scale, we leverage digital weft knitting; a
manufacturing solution that produces textiles using an array of continuous, intermeshed yarns. Weft knitting
enables the fabrication of a textile circuit with a single, electrically continuous trace. Carbon-suffused nylon
yarn is used as the conductor; it is combined with non-conductive yarns throughout the fabric structure. The
fabric circuit design is directly compatible with the weft knitting process and does not require any post-assembly.
There are only two electrical connections per sensor—one at each end of the knitted electrical pathway—which
simplifies the connection to sensing hardware and affords greater textile flexibility and connection durability.
Furthermore, the circuit pattern can be modified or scaled to produce form factors of different shapes and sizes,
while requiring no modifications to sensing hardware.

These practical benefits come at the expense of easily and precisely localizing touch. Unlike discrete-electrode
circuits that use many individual wires to localize distributed touch, this circuit relies on only two signals
measured at each endpoint of the conductive yarn. Therefore, more complex signal processing techniques and
computational models are needed to identify location of touch. Moreover, in order for a user interface to be
natural and usable, the requirement of user-specific calibration should be avoided, especially in cases when the
same sensor is expected to be used by multiple people. Early work showed an initial proof-of-concept system
that coarse locations could be differentiated on a sensor pad, but highlighted the challenge of precise touch
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localization [38]. Further work [3] focused on high-fidelity and invariant signal representation with respect to
touch location, but location identification was not performed, and signal processing was performed offline.

In this work, we advance the technical development of a weft-knitted, fabric-based capacitive touch sensor.
We present a real-time sensing system and a classification model that accurately localizes touch along the yarn
in real-time, under real-world conditions. We also introduce several other sensor designs, which aim to be
inconspicuous and minimalistic, intuitive to users, as well as valuable for interactive experiences, using digital
weft knitting. This work brings us closer to real-world, real-time, and scalable textile sensing by making the
following contributions:

A recognition model to identify precise location of touch on an existing knitted sensor circuit relying on one
conductive yarn, without subject-specific calibration. This model uses a statistical, frequency-based feature
construction component and an LSTM neural network classifier, addressing the challenges of minimal
information output from the single-yarn system, as well as noise in the signal.

A real-time sensing and signal processing circuit which obtains input from the knitted sensor. It uses Bode
analysis to reject the frequencies most prone to electromagnetic interference (EMI).

Results from a series of user studies to move toward real-time, real-world knitted sensors. The studies
enable the creation of a robust location sensing model; demonstrate its generalizability with new users;
and investigate its robustness under real-world conditions.

Design and application prototypes of knitted sensors illustrating the versatility and scalability of the knitting
design process using a single conductive yarn, and the usability of knitted sensors in diverse interactive
applications. Some of these design form factors have the potential to be interchangeably used with our
sensing system and recognition infrastructure, provided each one relies on its own individually-trained
location identification model.

2 BACKGROUND AND RELATED WORK

The development of fabric-based flexible touch sensors spans over two decades. Initial research examined the
feasibility of touch-sensitive fabrics as a novel method of human-computer interaction [29]. Current research
investigates the use of fabrics as robust and extensible interfaces, capable of augmenting existing materials
or devices [30]. Creating an extensible textile touch sensing system requires reconciling factors beyond fabric
construction. Factors such as machine learning, signal processing, and novel sensing methods must be considered
to create platforms that provide a foundation for continued development.

This section describes prior research aiming to create textile touch sensing systems. In Section 2.1, we sum-
marize concepts related to different ways of creating smart fabrics, focusing on the intersection between fabric
construction techniques and their associated sensing methodologies. Background on knitting and large-scale
manufacturing in Section 2.2 helps elucidate some of our choices and challenges in creating knitted sensors and
associated systems. Next, in Section 2.3, we discuss common sources of distortion that affect electrical circuits, and
their effects on accurate touch localization in systems such as ours. In Section 2.4, we provide some background
on the neural network structures on which we rely to create our model.

2.1 Textile Touch Sensing and Assembly Approaches

2.1.1  Textile Touch Sensing Approaches. Textile sensors detect touch using conductive yarns by sensing changes
in inter-yarn contact, resistance, or capacitance.

Contact sensing operates by detecting the presence or absence of contact between two conductive yarns. This
touch detection method has been used to create large-scale distributed fabric-based touch sensors [20]. Physical
contact deforms a layered fabric structure to make or break inter-yarn contact between conductive layers to
sense normal touch. Minimalistic applications of contact sensing have also been used to create novel, single-layer
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fabric-based user interfaceBinstripe[27, a textile user interface element on smart garments, uses pinching
and rolling of cloth between the user's ngers to measure input. The sensing detects changes relative to the
displacement of the two sides of the fold, measured by conductive threads sewn into the fabric, and interpreted
as a continuous change in value.

Resistive sensimgeasures touch through electrical resistance changes caused by yarn strain or deformation.
Sundholm et al. 39 introduce Smart-mat a resistive pressure-sensing matrix incorporated into an exercise mat
to recognize physical exercises performed on it. This sensor is composed of two layers of striped conductive foil
with a conductive polymer ber sheet in between, forming a 8080 electrode gridPiezoresistive yain used
in sensors that measure contact as a change in resistance, and has been explored in conjunction with several
textile assembly techniques, such as hand sewing, machine sewing, weaving, and kni&rity]. Conductive
polymerization using piezoresistive materials has been explored to realize interactive e-Teifle$ fie outcome
of the polymerization process varies largely depending on fabric type, making the optimal design more of
a trial and error process, but highly repeatable once the optimal conditions are identiS=tond Skif®], a
exible and stretchable electronic textile garment that ts the body, uses a multi-layer construction approach
and heat-reactive precision bonding Ims for fusion of materials. This design is creative, functional, and shows
potential for personal and industrial manufacturing, once there is further progress on implementation of the
manufacturing process and sensing strategy.

Capacitive sensingeasures the charge stored between two parallel conductors, such as two wires, or a wire
and human skin. Capacitive sensors have an advantage of high sensitivity, low cost, and low pro le compared to
both contactandresistivesensors. A basic textile capacitive sensor that measures human skin contact through
self-capacitancis among the simplest circuits to produce in fabric requiring only one conductive yarn and
external connection to measure a discrete touch location. Our work utiliz&gsacitivesensing to detect human
skin contact. Since our sensors rely on one continuous conductive yarn, we need to consider methods that localize
touch on a single wire, such as time-domain re ectometry (TDR), frequency-domain re ectometry (FDR), and
di erential capacitive sensing.

Time- and frequency-domain re ectome(fDR and FDR) are methods that localize touch by measuring the
distance-to-fault, such as a change in capacitance, across a transmission line (Figure 2(c)). Promising applications
of this technology are shown in18 19 4(. However, re ectometry requires a high sampling rate to yield
accurate touch location, and the complexity of the wire structure together with the computationally-intensive
sensing method, can pose practical challenges when using in textile applications.

Di erential capacitive sensingeasures both the magnitude and location of induced capacitance using a current
di erential along a linear conductive pathway [3, 38] (Figure 2(d)). Di erential capacitive sensing also captures
applied pressure during touch, an aspect that can be potentially useful for a variety of applications.

2.1.2 Textile Assembly Approaches and Touch Sehsitide assembly or embellishing methods, such as em-
broidery, weaving, and knitting have been used to create touch-sensitive textile devices using conductive yarn
and we describe characteristics related to touch sensing of each below.

Embroideryis a textile embellishing method that inserts thread onto a fabric substrate to create arbitrary
patterns (Figure 2(a)). It was among the rst methods used to create a textile touch se?gpapd has since
been used to create interactive textile devicég[14, 15. Since embroidered threads are independent of the
original textile, they can overlap and be routed in arbitrary directions to create a variety of patterns. Embroidery
as an embellishment technigue, however, is not an integral part of fabric construction.

Large-area distributed touch sensing can also be achieved through integrating conductive yarns into the
textile structure during formation, eliminating post processingleavingandknitting are textile manufacturing
processes that can combine conductive and non-conductive yarns to form fabric cir&uiiing produces fabric
by employing a continuous yarn or set of yarns to form a series of interlocking loops. Knitting has been recently
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Fig. 2. lllustrations of sensing techniques and electrode layouts used in textile touch ser{aprEmbroidered capacitive
bu ons. (b): Woven or embroidered capacitive sensing mat(i&; Reflectometryneasured using two parallel conductor@):
Single we kni ed conductor measured usingli erential capacitive sensing

explored in producing interactive textiles, such as force-sensing knitted structu2és knitted electronic musical
controllers [39, and knitted dynamic displaysq]. Other research has investigated creating 2D sensing structures
using a homogeneous [37, 38] or multi-material [24] 1D lament.

Weavingis the process of interlacing perpendicular yarns to form a textile (Figure 2(b)). It is a widely-used
method to produce distributed textile touch sensogs T, 16 30 36 due to its similarity to standard capacitive
and resistive sensingatrices Woven textiles use the perpendicular alignment of numereouest horizontal
andwarpvertical yarns to form a sensing grid and detect touch at yarn intersection points. Because yarns
can be tightly packed within a weave, a woven touch sensor can support a high-resolution distributed sensing
area. However, connecting a matrix to external sensing electronics requires an equal number of fabric-to-wire
connections a di cult and time-consuming post production process. These connections often exist at millimeter-
scales and utilize techniques like soldering, which create brittle joints that reduce the textile's durability. This
necessity can be impractical for longevity and for real-world use. One potential solution towards creating durable
fabric-based touch sensors is to decrease the number of required external fabric-to-wire connections. Using
fewer connections improves the exibility of the textile and reduces the likelihood of failure of any individual
connection.

Single-wirdistributed sensing methods, includinBDR, FDRind di erential capacitive sensingpave been
explored as solutions to limit the number of required fabric-to-wire connections using as few as two connections
to external sensing hardwar®i erential capacitive sensinigas shown promise to coarsely localize touch along
a single conductive yarn, while retaining the bene ts of single-wire approaches and enabling simple wire
structures. This method is especially suited fweft-knitting, which can create fabrics from single, continuous
yarns.Di erential capacitive sensing compatible with these sensors, since it localizes touch on a single, linear
conductor. Other work B] related to single-yarn knitted sensors ardi erential capacitive sensinigas presented
algorithmic advances related to invariant signal representation, but not classi cation of location of touch.
Moreover, the signal processing work related to this technigque, so far has been done o03ngd. Our work aims
to extend that research to enable real-world use, when integrated with streamlined manufacturing processes.

2.2 Streamlined Manufacturing of Kni ed Sensors: Benefits and Design Requirements

Aligning touch-sensitive textile construction with industry manufacturing standards enables reproduction of
textiles on machinery outside of a laboratory, an aspect addressed by our design and c3h&r8(, 38 39. In

order to improve viability for large-scale production of our textile touch sensors, we use digital weft-knitting, an
industry-standard, automated, end-to-end textile manufacturing process that can produce complete forms with
minimal human intervention [3, 38]. It is bene cial to smart fabric construction for the following reasons:
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(1) Knitting integrates both conductive and non-conductive yarns within the textile structure to create the

touch sensing circuit.

(2) Digital knitting machines can produce complete textiles without the need for manual operations or human

intervention during or after assembly, including positioning of sensing elements within the textile.

(3) The loop structure of digitally knitted textiles is controlled programmatically. We can specify a variety of

knitted forms with minimal reprogramming and machine recon guration.

(4) Digital weft-knitting machines can reproduce identical knitted textiles, including electrical circuits with

similar properties.

The digital weft-knitting design process addresses shortcomings in the construction of many fabric-based
sensors, namely in reducing the number of fabric-to-wire connections between the textile and sensing hardware,
and in supporting large-scale production, while permitting design modi cations. However, this manufacturing
process has several physical requirements regarding yarn placement during textile construction that must be
considered:

(1) The yarn must remain contiguous within the textile, and must not separate or break within the textile.
However, it may be cut at the edge, or after it has exited, and before it re-enters the fabric.

(2) Any yarn entering the textile must exit the textile.

(3) Yarn deposition can only take place horizontally and upward. Horizontal rows of loops are sequentially
assembled from the bottom of a textile to the top. Loops are dropped from holding hooks when a new loop
is formed and are irretrievable by the knitting machine.

These requirements inform the design of the touch-sensitive circuits using this method.

2.3 Addressing Distortion in Single-wire Touch Localization

We rely ondi erential capacitive sensings used jointly with knitting to produce smart fabric. Capacitive sensing

is susceptible to distortion due to the low current used to detect changes in capacitance and the proportionally
large response caused by uctuations in voltage. Additive interference originates from both device-centric sources
like power supply rippland external sources likelectromagnetic interferende estimating location across
electrically-continuous substrates using di erential capacitive sensing, additive interference reduces the detection
rate of touch, and therefore the touch localization accuracy. In this way, otherwise insigni cant sources of
uncertainty, produce considerable measurement variance that inhibits practical use.

Bode analysif4] used with di erential capacitive sensing has been introduced as a potential solution for
removing recorded interference3]. Bode analysis is an extension of Fourier analysis, which transforms a
measured time-domain signal into frequency-domain components. Bode analysis compares both the ratio of a
system's Fourier transform complex magnitude output to its input, and the phase di erence between output and
input. The frequencies present in an input will be present in an output. Given an input with a known frequency
composition, it is possible to reconstruct the output while bypassing additive frequencies.

2.4 Recurrent Neural Networks

The time-series data acquired through the two connections of the sensor needs to be processed to map to a
location of touch. The classi cation algorithm should take advantage of the continuity of sampled frequencies
over time, in order to be able to properly model the signal from the two connections. Moreover, due to variability

in the data, such as di erent users, conditions, nger placement and more, key presses of the same location
should be represented in terms of essential patterns within them. To those ends, we utilize Recurrent Neural
Networks (RNNs) 37, which have found application for many classi cation tasks. We see promise in using
them in a neural network architecture to identify location of touch, given the signal data from each electrode
connected to our knitted sensors as an input.
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RNNs allow previous outputs to be utilized as inputs in addition to hidden states of traditional multi-layer
perceptrons (MLP). This exibility makes them ideal for classi cation of input of any length, while maintaining
limits on model size, taking into account historical information, and sharing weights across time. A known
drawback of RNN models is their di culty in capturing long term dependencies due to multiplicative gradient.
The error of such models can be exponentially decreasing/increasing with respect to the number of layers. The
Gated Recurrent Unit (GRUg[[and their generalizations, such as Long Short-Term Memory units (LSTM]) [
address to some extent the vanishing gradient problem encountered by traditional RNNs. We use LSTMs to model
the temporal dependencies in our data.

3 TOWARD ACCURATE REAL-TIME, REAL-WORLD SENSING

Fig. 3. Diagram of the interaction pipeline of the system components: (1) The kni ed touchpad is pressed at one of the

pre-defined touch locations; (2) voltage is sourced and measured at endpoints A and B and transformed within the embedded
sensing microprocessor to yield the output-to-input gain ratio per frequency; (3) features are constructed based on statistics
of the frequency response of measured touch data; (4) the feature representation is used as an input to a neural network to
predict the discretized touch location.

In this work, we focus on building a model to enable precise, real-time touch localization on an existing knitted
sensor which relies on one conductive yarn as a sensing element. To bring such sensors into real-world use, in
addition to the sensing fabric, we design our system architecture with two main componentsett@gnition model
to determine the position of touch on the knitted sensor, which would be able to receive data fromeatktime
signal acquisition and processing systéne model, once trained for high-accuracy recognition, can, in the future,
be embedded into a dedicated microprocessor or handheld device, and connect to the signal acquisition and
processing controller to identify location of touch in real time. Figure 3 provides an overview of the components
involved in this process.

For our real-time system and recognition model, we use a knitted pattern previously introdugedf], on
which it is relatively di cult to accurately resolve location of touch, compared to other possible designs. The
minimalistic design of the fabric circuit, which simpli es manufacturing and enhances usability, requires complex
computational methods to achieve location accuracy. The main challenge in classifying touch location for this
sensor's design pattern is that all locations across a 2-D space are de ned along a continuous 1-D yarn pathway.
Moreover, only voltage readings at each endpoint of the yarn are used as information from the system. The
signal data obtained is also subject to considerable noise. Common sources of additive electrical distortion, such
as power supply ripple and electromagnetic interference, introduce signi cant variance in measured voltage.
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This variance reduces e ective touch location identi cation accuracy. Its e ects can be mitigated through touch
sensor design by producing circuits with large inter-touch-point resistances, as we discuss in Section 5 below.
However, it is necessary to address the e ects of distortion through signal processing and machine learning to
ease the constraints placed on physical textile design and allow for a larger variety of design forms. In addition
to these aspects that make high-accuracy location identi cation a challenging task, we would want to use the
sensor without user-speci ¢ calibration, for a more intuitive and user-friendly interaction.

Previous researchd demonstrated the technical feasibility of constructing an unsupervised system that can
di erentiate between touch locations on the knitted sensors with one sensing yarn. It proposed a model for
extracting invariant featuresivlixed-Source Description (MS&)rresponding to key-press events, and showed
that key-press events as represented by MSD features of the same key, are more similar to each other than
key-press events of di erent keys. To compute the similarity of MSD features,Ehelidean Levenshtein Distance
(ELD)measure was introduced, which can compare tensors of varying lengths. However, these results did not
provide a location of touch. Instead, that work focused primarily on the analysis of the system and of the proposed
algorithm, demonstrating the ability to represent the signal in a way that has the potential to later lead into
extracting location of touch. Similarly to our work, Bode analysis was utilize to quantify the attenuation of
input voltage waveforms at speci c frequencies. The raw signal was the system's response to one frequency
input through Bode analysis. However, other frequencies would also be helpful in capturing changes di erently,
collectively o ering a better picture of the system behavior than a single frequency. Moreover, previous signal
processing was performed o ine for that task.

We extend the work in B] by constructing a real-time signal processing system, using a swept-frequency
excitation signal to perform Bode analysis, instead of a single-frequency signal, and adding a learned model to
identify touch locations. We rst construct features over the signal, and then train our model using a multi-layer
Long Short Term Memory (LSTM) network architecture, designed to capture the temporal dependencies within
the input signals, and classify touch location. This section describes the components of the real-time signal
processing system, and those of the recognition model for location identi cation.

3.1 Real-Time Signal Acquisition and Processing System

Fig. 4. We -kni ed touch sensor design and constructiorfa): lllustration of the layering formed by digital flatbed we

kni ing with conductive carbon-coated nylon yarn, and non-conductive polyester and high-bulk nylon yaiih¥. Image of

the top layer of a completed sensor. A and B denote the yarn endpoints, where external electrodes can be connected. Darker
lines indicate touch areagc) Image of the bo om layer of a completed sensor. There are no sensing elements on this layer.
(d): lllustration of the serpentine pathway of the carbon-su used nylon formed by the kni ing process.
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3.1.1 Kni ed CircuitFigure 4a illustrates the cross-section showing the yarn layers formed during the weft
knitting process. The conductive and non-conductive yarns form distinct but interconnected layers that compose
both the textile structure and the overall linear circuit. Our recognition model is trained to classify the location
of touch speci cally for the rectangular touch sensor depicted in Figures 4b and 4c. The sensor geometry de nes
12 rows and 3 columns of exposed conductive yarn pads, representing buttons, for a total of 36 distinct touch
locations. The locations are evenly distributed across the textile surface in the serpentine pathway shown in
gure 4d and form a series-connected circuit having uniformly distributed inter-touchpoint resistance. The linear
distance between the center of each touch location is approximately 1 inch. We aim to distinguish between
touching each of them. For initial evaluation, we limit contact to single-touch during data collection.

This rectangular button layout is useful for generic touch applications, like measuring taps or swipes. However,
series-connected adjacent buttons with a low inter-button resistance pose challenges towards distinction, which
reduces accurate touch location identi catior3[3§. Touch locations are distinguished by a current di erential
caused by a di erence in resistance. This touch sensor's cumulative linear resistance is approximately 550 k
with the center-point of each touch location separated by an average resistance of 15 k

Other sensor forms could be easily swapped with the existing one, however, the neural network would need
to be trained for each sensor form individually, since the interactive components (the exposed carbon-su used
nylon touch areas) of the sensor would change depending on the design and needs of the application.

3.1.2 Embedded Sensing MicroproceEhersensing hardware uses an NXP Kin8tMK66 ARM Cortex?-M4F

180 MHz microprocessor (PJRC Teensy 3.6 development board), shown in the second part of Figure 3. Two
connections lead the fabric circuit to the sensing hardware, which can connect to a computer via USB and transfer
processed data at approximately 4.3 Mbaud, and 125 HZAmaessinfB1] application for data visualization.

Bode analysif] is a system identi cation approach, used to characterize the behavior of an unknown system
given controlled inputs. It measures the amplitude attenuation and phase shift between the Fourier transforms of
the system's input and output as a function of frequency. Our work goes beyond previous work that used only
the attenuation of a single frequency [3] and instead considers the contributions of attenuation across multiple
frequencies. This provides a greater amount of information to describe touch, and also accounts for variance in
any single frequency bin through consensus. In order to control the frequency composition of the input waveform,

a linear swept-frequency cosine wave is generated according to Equation (1). This swept-frequency signal has
a start and end frequency d§ and 5 Hz respectively and has a time duration betwe@to G seconds. The
generated waveform is stored in memory and outputted by the microprocessor's internal 12-bit, 0 V to 3.3 V
digital-to-analog converter (DAC):

15 §°cC
G

Figure 5 illustrates data ow within the microprocessor. Two 16-bit analog-to-digital converters (ADCs)
synchronized with the DAC sample the output waveform at approximately 256k samples-per-second in 1024-
point increments. Fast-Fourier Transforms of the samples were processed using the ARM CMSIS DSP library
complex FFT function33. Ninety six frequencies betweel = 22000Hz and5 = 26000Hz were input for a
duration of G = 0 seconds t&; = 0'004seconds. The waveform uses the full range of the ADC's voltage output,
between 0 V and 3.3 VDC, thus the amplitude,and biasl, are 1.65 V and 1.65 V respectively. To characterize
the system response during data analysis, we use the gain values of all recorded frequencies, for a total of 192
values per record window.

The swept-frequency range is chosen based on the locations of frequencies a ected by additive distortion (Fig-
ure 5e). The two signi cant sources of distortion apower supply ripplecontributed by the microprocessor's DC
power source, an@lectromagnetic interferen@MI), induced by external power sources in proximity. Power

22C@=1, cos 2c5C, Q)
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Fig. 5. Data processing within the microprocessor in ambient conditions, illustrated in sub-figarbsandc, and under
exposure to EMI, as seen from sub-figurése, f. (a) A swept-frequency cosine wave is passed through current-limiting
resistors and input at both endpoints of the sensing pathway. The voltage outputs (red, blue) are measured at the endpoints.
(b) The magnitude of all three waveforms is computed via FE€).The output gain is computed as a function of frequendgl)

The same process described(a), but under exposure to EM[(e) The same process described(in), but under exposure to

EMI. (f) The same process described(), but under exposure to EMI.

supplies that transform AC to DC voltage often induce a small amount of ripple into the recti ed output. Ripple
is a small uctuation in the device's operating voltage, measured at approximately 200 mV at 60 Hz in ambient
conditions.

Human touch contributes to measured distortion, increasing the ripple amplitude to approximately 1 V. Because
capacitive sensors rely on a voltage di erence to charge and discharge a capacitor in contact with the sensor,
and induce a controlled oscillation, this phenomenon contributes to the induced oscillation to create unexpected
voltage shifts in the time domain. Electromagnetic interference is radiated distortion produced by circuits
transmitting power. The severity to which the EMI a ects surrounding electronic devices depends on the quality
of EMI shielding. Capacitive sensing relies on exposed, unshielded wiring to measure touch, and thus is more
susceptible to EMI34. The distortion shown in Figures 5d and 5e is generated by a 70 Watt uorescent lamp in
close proximity, approximately 18 in., to the fabric sensor. An interference band of 4 kHz centered at 40 kHz was
observed as a resultant of the EMI. The proximity of the lamp a ects the induced distortion.

3.2 Recognition Model

The purpose of the recognition model is to translate the acquired signal data into one of the 36 discrete interactive
components of the knitted touchpad. Our approach is composed of two main components: a feature construction
step, and the neural network for classi cation.
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Fig. 6. Feature construction over frequency gain values of both signals: (1) the raw data is composed of 250 time instances
and 96 frequency values per signal, for a total of 192; (2) statistical features are computed over the frequencies per time step;
(3) baseline is subtracted from key-press data.

3.2.1 Feature constructidrhe system constructs features from the input-to-output voltage gain values of the
sensor over time. A touch event is measured over two seconds. This allows enough time to capture the baseline,
onset, saturation, and o set. Each touch event consists of 250 temporally-related measurements of the voltage
gain values, which are captured as explained in Section 3.1.2. This amount of time is more than enough for the
voltage discharge which de nes the touch event to occur. Since there are 96 frequency responses recorded from
each of the two sensor endpoint signals, one touch sample is represente@%@&892matrix before feature
construction, associated with its respective touch locatiorbottonnumber as a label. We construct statistical
features over all the captured frequency responses for each signal for each of the 250 measurements in the sample,
and concatenate the results to form the features. We calculatentlean, standard deviatipandsumover all
gain values for each signal. Additionally, we t a line to those frequency response values and includddpe,
intercept, p-value, r-squareghdstandard erroas features for each signal, representing each touch sample as a
250 16 matrix. Thestandard errors the average distance of all samples from the tted regression IResquared
is the percentage of the dependant variable variation that is explained by the linear modelpMadueis a
measure of how changes in the independent variable a ect the dependent variable, with @ealueindicating
that the independent variable is a meaningful addition to the linear regression model. This way, for every time
step, we represent the system in terms of its frequency gain statistics, which we consider to be more stable,
compared to the raw frequency gains.

Ultimately, we characterize a touch event as the di erence between the captured touch sample represented
in terms of the statistical information of its frequency gains, and the same statistical features computed over a
baseline measurement where no touch occurs. The baseline is meant to capture the conditions of the surroundings,
and remove their representation from the touch event characterization, so that the information that remains is
more indicative of the properties of touch position. Figure 6 visualizes the feature extraction process.

3.2.2 Neural Network Mod&lata processed as described above is used as an input to a neural network, which
relies on three recurrent layers, followed by one layer of fully-connected perceptron consisting of one layer of
100 nodes, and an output layer with 36 nodes, as illustrated in Figure 7. Our three recurrent layers are based
on LSTM cells, a stable version of RNN, which address the vanishing and exploding gradient problems faced by
simple RNN cells. LSTMs have been widely used for sequential data analysis, including time-series signal data,
since they capture the temporal dependencies.
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Fig. 7. LSTM Neural Network model. The network is composed of 3 subsequent layers of LSTM capturing the temporal
dependencies. The last layer is linear, which then translates the input to one of the 36 bu on positions, through a LogSo max
activation function.

We use the sequence of the frequency gain statistics captured from each electrode signal to construct the
input to our system. Each input consists of one key-press on the touch location, represented as a sequence of
8 di erent statistical measures computed over values of all frequencies from each of the two electrodes. The
captured sequence is 250 time steps long, with 16 values per time step. Therefore, the input layer of our neural
network architecture has a size of 16. The frequency gain statistics are temporally-related, which the neural
network architecture aims to capture. The size of the output layer is 36: the nal linear layer maps each input
into a buttonposition on the knitted touchpad through a LogSoftmax activation function. The above description
corresponds to the architecture of the network, however, to create an accurate model, this network needs to be
trained with user data, so that its weights are adjusted accordingly. In Sections 4.1 below we describe the training
and evaluation process for our model.

4 MODEL TRAINING AND EVALUATION

To move knitted sensors toward real-world use, we conducted a series of three studies of the system described
above. The rst study consisted of collecting user data to create a model of interaction that would allow accurate
location sensing in real-time, provided the hardware infrastructure is in place for real-time sensing. We then
tested the accuracy and robustness of our system by conducting two more user studies: one validation study to
evaluate the performance of our model on new data, and another to test its robustness to everyday use activities.
The robustness study consisted of two conditiofif) proximity to a uorescent light lamp, as a source of EMI,
which as discussed above, causes a disturbance in the signal of capacitive circuif®) atrdtching of the sensor,
which alters its geometry. We evaluated our system's performance under each of these conditions on the trained
model, resulting from the rst user study. All three of these studies repsubject-independeatcuracy results:

no calibration was performed for each subject. We discuss these results in a usability context, as well as compare
our recognition model to other benchmark algorithmic solutions.

4.1 Study 1: Model Creation and Cross-Validation

For this study, we focused on the knitted touchpad, illustrated in Figure 4, and described in Section 3.1.1. We
trained the neural network described in Section 3.2.2 to be able to classify the button that was pressed. The model
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created during this study can be used in conjunction with the real time signal acquisition and processing system
in order to classify location of touch.

4.1.1 Dataset Descriptidn:order to create a trained neural network model, we collected button-press data
from 24 subjects, who were college students. Each subject conducted 10-20 trials, with one trial consisting of
pressing each of the 36 touch locations on the knitted pad once. There were a toi&&96labelled key-press

data instances: 386 samples of key-presses for each of the 36 touch locations on the keypad. Each key-press
sample had a size @0 16

4.1.2 Methods and Resourdasta was collected and saved to a computer running trecessingDE. A
Processing sketch was used to visualize and save the frequency gain values from each electrode, which were
returned by the Bode analysis in real-time. A Keysight MSOX3024T Oscilloscope was used to visualize the input
and output waveforms in real-time. An example of data collection on a subject can be seen in Figure 1(c), and a
more comprehensive data acquisition and signal processing description can be found in Section 3.1.

First, we constructed features from these raw data, as described in Section 3.2.1. The resulting representation
was then used to train a neural network and tune its parameters through 10-fold cross-validation. On every
iteration, all the data from 2 or 3 subjects was used for validation, while data from the other subjects was used to
train the model. The dataset was balanced for all classes, since subjects were required to press on every button
for each trial. The network weights were initialized using Xavier initialization [13].

Our model was trained using PyTorch 1.2€ with CUDA 10.0, using a learning ratd = 0'001, a dropout rate
=06 and a batch size 128 over2000epochs. We useAdamas an optimizer, and a negative log likelihood loss
function. The machine was running Ubuntu 18.04, with an Ift€ore—i9-9960X CPU @ 3.10GHz, 128 GB RAM,
and 2x RTX 2080 Ti Blowers with NVLink cards.

4.1.3 Result3o evaluate our model, we calculate the accuracy of identifying touch location on the knitted
componentAccuracyis the ratio of correctly predicted key-presses to the total number of key-presses evaluated.
As previously mentioned, there were 36 classes corresponding tou®nsor touch locations, thus, chance
accuracy is 2.78%. Our model achieved an accura&g8#4 which was calculated as the average validation
accuracy of all 10 folds. For each fold, accuracy was calculated as the average of the achieved validation accuracies
of the last 50 epochs. Table 1 shows accuracy results of all user studies, and Figure 8(a), the average classi cation
matrix of this study, which was computed over the classi cation matrixes of each of the 10 models of cross-
validation. We also calculate thmacro-precisigmacro-F1-scaorandmacro-recallPrecision refers to the ratio
of true positives to the combined number of true and false positives. Recall is the ratio of true positives to the
combined true positives and false negatives. The F1-score refers to the harmonic mean of precision and recall:
1=2 1?2A428B8>A420°1?A428B8>A420% Macro-precision, macro-recall, and macro-F1 refer to the
balanced respective scores per class, and those values are obtained by averaging all respective class scores.

4.2 Study 2: Evaluation with New Sensor Touch Data

In order to determine the accuracy of the neural network model, we collected sensor touch data from 7 other
users, whose data had not been previously seen by our model, either in the training or validation set. The purpose
of this study was to evaluate the performance of the system under normal conditions similarly to the ones when
training was conducted.

4.2.1 Dataset Descriptiofhe subjects of this study were 7 college students, and the experiment set-up was the
same as during the initial study, described in Section 4.1.2. Subjects pressed each of the 36 keys of the rectangular
knitted sensor keypad 10 times for this evaluation, for a total of 2,520 key-presses, or 70 per button our de ned
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(@) (b)

Fig. 8. Classification matrices produced with results from studya), and study 2(b). The matrix rows denote the true row
categories of the key-presses, while the columns show the ones predicted during evaluation. Each category is denoted by
the respective bu on number of the kni ed touchpad. A higher-value diagonal, with the rest of the matrix having lower
values, would be a desirable combination indicating a high accuracy. This figure illustrates the challenges of classifying
arbitrarily-defined positions on a continuous element the bu ons are sometimes classified as the ones adjacent to them.

area of touch classi cation. We recorded the true labels, which were the button positions on the sensor, as well as
the predicted labels of our model.

4.2.2 Methods and Resourddse collected data was used as a testing set towards the neural network models
created in Section 4.1. Features were constructed on the key-press signals before they were used as inputs to the
trained model for evaluation. Testing was also performed on the same machine as was training, as described in
Section 4.1.

4.2.3 Resultgn average accuracy @6%was achieved during this experiment, as recorded in Table 1. This
accuracy was calculated by testing the new data against each of the 10 training models created during cross-
validation, and taking the average of the results. Figure 8(b) shows the corresponding classi cation matrix.
Similarly, this classi cation matrix was generated as the mean of all classi cation matrices produced from the data
tested against each trained cross-validation model. Its respective macro-precision, macro-recall, and macro-F1
scores are also reported in Table 1. These results, which are even better than the original validation results from
Study 1, indicate the robustness of our model.

4.3 Study 3: Robustness to Sensor Distortion

The sensors are intended to work in everyday life, behaving as fabric, and resisting signal distortions. For this
reason, we took the fabric piece on which our model was trained, and exposed it to two di erent types of sources
that could cause signal distortiorfl) exposure to electromagnetic interference af) stretching.

4.3.1 Dataset Descriptioine recorded touch data from 4 di erent subjects foondition (1)which consisted of
exposing the sensor to EMI through a uorescent light bulb, placed 12-18 inches away from the sensor. We also
recorded data from 3 other subjects foondition (2)with the sensor being stretched. Each subject pressed the

Proc. ACM Interact. Mob. Wearable Ubiguitous Technol., Vol. 4, No. 4, Article 145. Publication date: December 2020.



Kni ed Sensors: Designs and Novel Approaches for Real-Time, Real-World Sen8ind.45:15

(@) (b)

Fig. 9. Classification matrices representing the accuracy of experiments in study 3 condit{ah dnd study 3 condition

2 (b). The matrix rows denote the true row categories of the key-presses, while the columns show the ones predicted during
evaluation. Each category is denoted by the respective bu on number of the kni ed touchpad. Diagonal elements having
relatively high values, and non-diagonal matrix elements having lower values would be a desirable combination, indicating
high accuracy. Similarly to Figure 8, sometimes bu ons are mistakenly classified as the ones close to them, due to the
continuity of the sensing yarn.

36 buttons of the sensor 10 times. Similarly to the other two data-collection user studies, subjects were college
students. Focondition (1)the dataset consisted 4f440key-press samples; faondition (2)there werels080
key-press samples.

4.3.2 Methods and Resourddse methods used in this study were the same as those of study 2. For each
condition, its respective dataset, after being processed through feature construction, was used to evaluate the
model created in study 1. The same machine was used to run these experiments, as that in studies 1 and 2.

4.3.3 ResultThe results of these experiments, are summarized in Table 1, and Figure 9, and were computed in
the same way as those of study 2. An accuracg0¥avas reached focondition 1while the accuracy focondition

2 was37% From these results, we can see that our model retained its robustness even under conditions of signal
and sensor distortion, especially durirgpndition (1)which is promising toward using it in the real-world. In
condition (2)wve see that the model does not hold as well against the structural distortion of stretching.

Table 1. Classification results for the three studies.

Study Accuracy Macro-F1  Macro-Precision Macro-Recall
Model Training 0.583 0.516 0.516 0.518
Model Evaluation 0.662 0.662 0.665 0.662
Robustness: EMI 0.795 0.794 0.796 0.795
Robustness: Stretching 0.372 0.364 0.393 0.372
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4.4 Benchmark Comparisons to Existing Techniques

To demonstrate that our recognition model is necessary to achieve robust location sensing, we compare the
accuracy of our recognition model to three other benchmarks, which are related to our process. In particular,
we report results when a single frequency Bode analysis is ugh¢hmark 1[3]. We further report on results

when the MSD algorithm is used for feature construction, similarly to prior wol§ [Benchmark 2 Finally, we

report on results using our same features, but a di erent neural network classi er (multilayer perceptron) for
comparison Benchmark B We describe these benchmarks below, and summarize their results in Table 2.

Table 2. Accuracy results of our recognition model as well as other 3 other benchmark models.

Method Multi-frequency? Features Classier Study1l Study2 Study3-1 Study 3-2
Benchmark 1 No Raw LSTM 0.253 0.256 0.313 0.203
Benchmark 2 No MSD LSTM 0.050 0.057 0.051 0.081
Benchmark 3 Yes Section 3.2.1 MLP 0.463 0.435 0.560 0.258
Our model Yes Section3.2.1 LSTM 0.583 0.662 0.795 0.372

In benchmark the same LSTM classi er is used, however the features are di erent. The purpose of this
comparison is to compare the e ectiveness of using our proposed feature extraction process, in conjunction
with multiple frequency gains obtained from the Bode analysis. Only one frequency is input into the system, in
contrast to 92 di erent frequencies used in our introduced method. The frequency gains are measured at each of
the two sensor endpoints, as described in previous wdik For this benchmark method, we did not use any
feature construction: the features are composed of the raw frequency values of the two endpoints, therefore each
key-press in this case is represented @850 2 matrix. The neural network and its settings were the same as
the ones we used in our method, which produced the results in Table 1. Previous wof} hrofvever, did not
include classi cation. We added the LSTM step in the benchmark method for consistency, in order to make the
related aspects of the two projects comparable.

Benchmark 2ises the same frequency valuel@asnchmark &nd an LSTM neural network, but it applies the
MSD algorithm introduced in §] as a feature construction step. We can see from these results that our proposed
processing solution would outperform the work ir8], even if that work included the same classi cation step,
assuming MSD was applied in this way to the singe-frequency data. MSD could potentially be applied to the
signal in di erent ways for high accuracy, such as a feature construction step to the raw signal data of all 192
frequencies. It can also be combined with other feature extraction methods in more complex ways, including the
one presented here. Alternatively, its can be integrated into a custom neural neural network. However, these
explorations are beyond the scope of this work.

Benchmark Zonsists of a model which has the exact feature construction steps as the one we introduce,
including multiple frequencies. The di erence is in the neural network classi er. Instead of an LSTM, we use a
Multi-Layer Perceptron (MLP) network, which does not necessarily retain time dependency information. All the
250 processed time instances of the key-press are concatenated and input into the network and labelled with the
button position. As can be seen from Table 2, our model outperforms the benchmarks in all experiments. Below,
we discuss these results more in depth.

4.5 Results Summary

While we increased accuracy of touch detection shown by cross-validation in our trained model (Study 1), and
con rmed its validity in our evaluation study (Study 2), such sensors are not intended to be used in controlled lab
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