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Distributed sensing along fibers for smart clothing
Brett C. Hannigan*, Tyler J. Cuthbert, Chakaveh Ahmadizadeh, Carlo Menon*

Textile sensors transform our everyday clothing into a means to track movement and biosignals in a completely
unobtrusive way. One major hindrance to the adoption of “smart” clothing is the difficulty encountered with con-
nections and space when scaling up the number of sensors. There is a lack of research addressing a key limitation
in wearable electronics: Connections between rigid and textile elements are often unreliable, and they require
interfacing sensors in a way incompatible with textile mass production methods. We introduce a prototype gar-
ment, compact readout circuit, and algorithm to measure localized strain along multiple regions of a fiber. We use
a helical auxetic yarn sensor with tunable sensitivity along its length to selectively respond to strain signals. We
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demonstrate distributed sensing in clothing, monitoring arm joint angles from a single continuous fiber. Com-
pared to optical motion capture, we achieve around five degrees error in reconstructing shoulder, elbow, and

wrist joint angles.

INTRODUCTION

Soft strain sensors have become an active research area in part be-
cause their use in “smart textiles” is needed to achieve movement
tracking in next-generation wearable devices. Topical applications
of wearable strain sensors include kinematics monitoring, pose esti-
mation, and the measurement of mechanically transduced biosig-
nals (e.g., heart rate and speech) (1-4). Soft sensor arrays have been
used to map pressure and to provide feedback for soft robotics and
in human interface devices (5, 6). Sensing movement through tex-
tiles is unique and has potential for high impact in advancing our
ability to track athletics and monitor health (7). Clothing—in com-
parison to other wearable technology that is attached directly to the
body or uses rigid components such as exoskeletons—has inherent
variability including folds, nonhomogeneity in body contact (e.g.,
tightness and looseness), and confounding mechanical strain (e.g.,
pressure, stretch, and twisting). To combat this limitation of cloth-
ing, there has been a focus on increasing the number of sensing ele-
ments around the location of focus to increase monitoring accuracy.
For example, the current state of the art in upper-body joint angle
tracking with wearable sensors requires three to eight sensors per
joint for angle estimation (8, 9). To have high spatial resolution
without an impractically high number of connections, sensor arrays
are often used. Ever-denser arrays are pursued for finer resolution in
soft pressure sensors (10). However, as the number of sensing loca-
tions is increased, complexity increases because many sensors and
connections are required. The factors limiting the scaling up of the
density of sensors are often the amount of space available on the gar-
ment for sensors and interconnections and the method for reliably
connecting these sensors and accessing their signals. Connections
between textiles and rigid electronics are particularly troublesome
because the high stress at the interface makes them prone to failure
(11, 12). Arrays introduce other problems such as cross-talk be-
tween channels, which can limit their resolution (13).

What makes textile sensors most attractive is their ability to
transform the clothing we wear every day into functionalized de-
vices with absolutely minimal obtrusiveness. Full textile integration
is necessary to achieve widespread adoption of ubiquitous “smart”
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garments in sports, rehabilitation, occupational health, and every-
day life. This integration requires the reduction and eventual elimi-
nation of rigid electronic components on the garment and constrains
the design to what would be attainable with entrenched industrial
textile production methods. The sustainability of functional textiles
is subject to increased recent scrutiny because of the large amount of
waste associated with their eventual disposal coupled with the vari-
ous advanced materials e-textiles may contain (14). Separation of
these materials for recycling is difficult, so there exist two main ways
to address this challenge: making separation at end-of-life easier or
moving toward using a single material (15). The distributed sensing
approach has promise to address some of these problems by replac-
ing discrete interconnects and electronics in the garment with
single-fiber sensors. In this case, the sensing fibers themselves
should ideally consist of the same materials as the bulk garment,
preferentially using biodegradable or easily separable polymers, and
be made with cleaner fabrication processes. Continuous fibers able
to sense at multiple points along their length that can be woven or
knit into fabric would greatly reduce connection issues, allow great-
er sensor density, potentially increase sustainability, and maintain
compatibility with established textile processes. It follows that
achieving these goals would thereby increase the reliability and low-
er the cost of smart textile garments.

Distributed strain sensing

Distributed sensing is a promising solution to these aforementioned
problems encountered when scaling up strain and pressure sensing
garments. A distributed sensing system permits multiple measure-
ments out of a single sensor element, each localized in space. Unlike
approaches using multiple sensors connected by wires, multiplexers,
or switches, the electrical connectivity is greatly simplified (16, 17).
Distributed sensing can also be used to increase sensitivity (18, 19),
allow arbitrarily high spatial resolution (20), and simplify two-
dimensional (2D) pressure or strain sensitive arrays (16, 20, 21). Ca-
pacitive strain sensors have garnered recent interest because the
configuration is possible in yarn, coaxial, or twisted fiber form and
has linear response to strain, which is ideal for integration into tex-
tiles (22-25). Distributed strain sensing has been shown with prom-
ising bench tests using chains of soft capacitive strain sensors (17).
Segmented soft capacitive sensors can be used to isolate strain at indi-
vidual segments through microfracturing of piezoresistive electrodes
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(19). Distributed pressure sensitive arrays have been demonstrated
using frequency domain measurements of resistor-inductor-
capacitor (RLC) resonator chains with a breadth of sensing applica-
tions (26). The RLC approach has yet to address the elimination of
rigid electronic components on the sensing element, and it requires
a parallel connectivity of multiple resonant circuits, meaning that it
would be difficult to both implement using fully soft electronics and
transform into a linear fiber. Another method we may classify as
“pseudo-distributed” sensing uses algorithms to extrapolate local-
ized strain from the DC resistance of a piezoresistive sensor (27).
This technique shows impressive results for classifying sets of re-
peatable patterns using a piezoresistive nanomesh sensor (28), but it
is fundamentally not possible to reconstruct arbitrary, independent
localized strains from single-port DC resistance measurements.
However, piezoresistive strain sensors (e.g., using graphene nano-
films) (29, 30) may also be used for distributed sensing with
frequency-domain impedance measurements. Applying techniques
from electrical impedance tomography, a sensor mesh made from
kinesiology tape coated with graphene nanofilms can be interrogat-
ed to obtain a continuous 2D strain map (31). This greatly increases
the information collected from the sensing mesh but requires a se-
ries of perimeter connections. Here, we aim instead to eliminate the
majority of unreliable connection points and increase textile inte-
gration with a 1D fiber. Distributed sensing is yet to be integrated as
a fiber into a textile garment or as a wearable system. We desired to
build upon these results and apply distributed strain sensing meth-
ods along a fiber that is highly suitable for textile integration.

Here, we demonstrate a system to enable distributed sensing
along a strain sensor and a prototype garment that monitors the
three major arm joint angles with one continuous sensing fiber. Our
solution isolates the single pair of connections to one end of the
stretchable fiber, so that the fiber may be sewn or woven into a tex-
tile without connections or wires in the fabric. This fiber sensor de-
sign allows the single remaining connection to be centralized at one
end in a proximal hub location. It compares favorably to some other
fiber strain sensor designs that require wires from both ends or ac-
cess to an inner layer (e.g., coaxial capacitive fibers), which brings
much greater complexity to textile manufacturing. We can envision
extending the prototype to include many functionalized fibers in the
garment, for example, to greatly increase sensor density or instru-
ment multiple extremities, as illustrated conceptually in Fig. 1. We
further developed a compact electronic impedance analyzer circuit
to collect high-speed impedance measurements at multiple frequen-
cies in parallel and use this device to develop an algorithm and test
fixture to quantify strain reconstruction performance more rigor-
ously. We show the application of a single-fiber capacitive sensor
with tunable sensitivity at different locations along its length, which
further increases the capabilities of our distributed sensing system.
We combine these into a prototype garment that can monitor the
angles of the shoulder, elbow, and wrist joints with high accuracy on
a single channel.

RESULTS

A sensing fiber with selective response to strain

While in the general case, distributed sensing methods may be ap-
plied to various transduced phenomena of interest—potentially
with a multidimensional sensor configuration—here, we limit our
focus to strain sensing distributed in 1D along the axis of a fiber, as
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Fig. 1. A conceptual illustration of our distributed sensing approach used to
measure the three major joint angles of the arm, with an envisioned exten-
sion of the sensing fiber around the torso.
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these are the atomic components of textiles. A distributed strain
sensing fiber designed to be incorporated into textiles should be
highly sensitive and compatible with existing textile processing
methods. While the fiber itself may follow a long path along the gar-
ment, the desired strain information to isolate a movement of inter-
est is often concentrated in few areas along the fiber’s length (e.g.,
around the joints). Thus, we desired our sensing fiber to have spatial
specificity to strain at certain locations. We previously reported a
previously unexplored capacitive fiber strain sensing modality (32)
having some attractive features that can be used for distributed sens-
ing applications. These are (i) leveraging the auxetic behavior of a
helical yarn complex to achieve a higher sensitivity than expected
for typical capacitive strain sensors; (ii) the ability to tune this sensi-
tivity by manipulating the helical pitch; and (iii) high robustness to
stress and suitability for a reel-to-reel manufacturing process. These
helical auxetic capacitive sensor (HACS) fibers are composed of an
inextensible conductor coiled around a conductive elastomer core.
The core is an ordinary polyester wrapped elastane fiber, coated with
polypyrrole using a low-waste vapor phase process. Copper wire is
used as the inextensible conductor coil, as it has the ideal mechani-
cal properties and an insulating enamel layer to achieve the desired
capacitor configuration. The highly robust copper wire wrapping
also limits the maximum strain of the sensor fiber, so that the poly-
mer core does not plastically deform. Exchanging the copper wire
component for a conductive yarn/thread is possible, although not
within the scope of this research. Upon straining, the elastomer core
stretches, while the inextensible wrapping increases in pitch and de-
creases in helical diameter. At higher strains, the inextensible com-
ponent becomes nearly straight, causing the coils to “flip” so that the
elastomer is coiled around it. The “flipping” increases the overall
outer diameter with increasing strain; this is an example of auxetic
material behavior. These mechanics are shown in Fig. 2B and can
allow one to access a larger gauge factor (GF) than ordinarily seen
for capacitive strain sensors, which are typically limited by geometry
to unity GF (33). The GF is defined in Eq. 1, where C(e) is the ca-
pacitance at strain € = £/£y and C(0) is the unstrained capacitance.
Full details about the sensor fiber fabrication may be found in Mate-
rials and Methods. More important for this work than sheer sensi-
tivity is the ability to manipulate the GF along the sensor by adjusting
the helical pitch. Our previous HACS was each only of a single pitch
and therefore a single sensitivity. In this research, we modified the
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Fig. 2. Prototype garment and sensing fiber. (A) Rendering of the path of the sensor along the arm, where |, Ill, and V indicate the high-sensitivity regions around the
shoulder, elbow, and wrist joints, respectively. (B) Top: Geometric modeling of the HACS sensor low-sensitivity (Il and IV: 3.5-mm pitch) and high-sensitivity (I, Ill, and V:
8-mm pitch) regions under relaxed and 30% strain conditions; Bottom: Photographs of the unstrained and strained sensor in the garment at the elbow joint. (C) Response
versus strain plots (solid), GF (dashed black), and computational model predictions (round black marker) for the respective HACS sensitivity regions [model adapted from

our previous work (32)].

HACS such that we changed the pitch throughout a single fiber to
achieve different sensitivities in different locations. This is a novel
approach to fabricating HACS and using our previous research.

. lcw-col/co
B €

We devised a prototype garment by instrumenting a long-sleeved
athletic shirt with a HACS fiber running from the shoulder to wrist
(approximate path shown in Fig. 2A). We desire to monitor the
three major angles of the arm as a proof of concept: shoulder adduc-
tion, elbow flexion, and wrist flexion. As described in (32), the GF of
these fiber sensors may be tuned by adjusting the helical pitch. We
decided to use this to our advantage by manipulating the pitch in
space along a single continuous fiber and more selectively respond
to strains only at the joints. We chose longer, 8-mm pitch enabling
high sensitivity for the regions of interest—three eight segments
around the shoulder, elbow, and wrist joints (labeled as I, III, and V
in Fig. 2). Because the maximum length of the sensing fiber is gov-
erned by the straightened length of the inextensible wrapping,
which decreases with longer pitch values, there is a trade-off be-
tween attainable sensitivity and maximum strain. We chose the 8-mm
pitch value to maximize the GF while still allowing a sufficient strain
range that covers what is expected in textiles. For the rest of the sen-
sor, a shorter 3.5-mm pitch ensures maximum insensitivity to strain
at undesired locations (labeled as II and IV in Fig. 2). This type of
sensor fiber has been shown to be relatively insensitive to torsion,
with less than 20% change in capacitance during a full 360° of tor-
sion (32)—torsion near this amount would not be possible when
affixed to the garment. We investigated the effect of simultaneous
strain and bending across different physiologically plausible bend
radii to evaluate the fiber sensor’s response to bending/stretching
like that seen across the joints. The results show a very slight in-
crease in signal for small bend radii, but the variability between
samples is generally higher than that attributable to bending (see

(1)
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section S4 and fig. S7). We further performed controlled tests to ex-
amine any degradation of sensitivity attributable to wear during cy-
clic durability tests. We observed very stable response and GF before
and after 1000 cycles of straining to 20% (see section S5 and fig. S8).
The geometry of these sensor regions when relaxed and subjected to
strain is rendered using the geometrical model from (32) and is
compared in Fig. 2B. The model predicts GFs of 1.18 and 0.06 for the
highly sensitive and insensitive regions, respectively. Universal test-
ing machine (UTM) tests closely agreed with respective GFs of 1.06
and 0.15, shown in Fig. 2C. Next, we briefly describe the principle by
which we may discriminate localized strain along these sensing fi-
bers using impedance measurements.

Distributed capacitive strain sensing
To use the HACS fiber in a distributed sensing application, we need
to identify the mechanism by which strain at various segments along
the fiber may be differentiated. As mentioned previously, distributed
sensing along a resistance-capacitance (RC) transmission line mod-
el has been demonstrated on the bench (34). In the following sec-
tion, we will characterize short, single sensors to determine their
response to strain. Using these results, we model the predicted be-
havior of a chain of these sensors, using it to choose an excitation
frequency band that well differentiates the localization of strain to
each segment. We verify the model with measurements from the
UTM and an inductance-capacitance-resistance (LCR) meter. Last-
ly, we validate our readout electronics against this reference.
Similar to many sensors that use capacitance to transduce strain,
our fiber sensors can be considered as an electrical transmission
line. The capacitance and resistance along a length of fiber are dis-
tributed in infinitesimally small segments. By approximating these
with a finite number of lumped elements, we can probe a sensor with
varying frequencies and use the response to estimate capacitance—and
thus localized strain—at certain regions along its length. A schematic
of an HACS discretized into n = 4 segments and the corresponding
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transmission RC line model circuit are shown in Fig. 3 (A and B,
respectively). An expression for the input impedance Z; at stage i €
{1, ..., n} of an RC transmission line with this structure may be gen-
erated recursively as follows

L +R; 1<i<n
j0C,+ ——
Z(@) =14 1% lz,-ﬂ(a» 2)
- +R i=n
joC, "

Each transmission line segment (or discretized stage) acts as a
low-pass RC filter. Lower frequency excitation signals have less at-
tenuation through the line, allowing the impedance of the entire line
to be measured. Conversely, higher-frequency excitation signals are
attenuated to a greater degree and predominantly measure the im-
pedance of the sensing area nearer to the readout circuit. Therefore,
by comparing the impedance measured at a higher frequency with a
lower one, the spatial distribution of capacitance through the line
may be inferred. When multiple regions are strained simultaneous-
ly, it is plausible that the capacitance change at one region may mask
another, resulting in a strain reconstruction that is not unique. Oth-
er works have shown bench experiments with successful measure-
ments from all combinations of simultaneously strained regions (17,
35). We add confidence to these findings from a theoretical perspec-
tive by analyzing the structural identifiability of the lumped model
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Sensor model Z(s)

from Fig. 3B. Structural identifiability is a general mathematical
technique to determine whether it is possible to uniquely recon-
struct the parameters of a system given its input signal and output
measurements and is commonly applied to biological compartmen-
tal models (36) and in structural dynamics (37). Our analysis (fully
detailed in section S3) indicates that the R; and C; parameters of the
lumped sensor systems are uniquely measurable using a time-
varying input signal. This theoretical method is subject to certain
conditions, such as an assumption of perfect noise-free measure-
ments, constant RC parameters, and the use of the lumped model
circuit rather than the true distributed parameter system. In reality,
there is always noise present, and the parameters, although slowly
varying compared to the excitation, are not constant. Therefore, the
unique identification of the real system’s parameters may not be
guaranteed. However, our mathematical analysis supports the em-
pirical evidence in this paper and others (17) that the localized
strain is uniquely reconstructable. Stretchable conductive materials
such as the conductive polymer coating used here generally have
substantially higher resistance compared to typical rigid/metal con-
ductors. We may use the relatively higher resistance to more easily
access strain measurements localized in space along the stretchable
fiber length because the larger resistance shifts the frequency re-
sponse to lower bands. Sensor characterization tests show that the
piezoresistance, or increase in resistance versus strain, of the HACS
fiber remains low (fig. S6C). This is important to ensure that strained
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Fig. 3. Discretized sensor schematic and electronics overview and function. (A) Schematic of sensor connectivity, split into four sensing regions. (B) The correspond-
ing RC ladder model circuit. (C) Exploded view of the readout electronics, including enclosure, analog front-end printed circuit board (PCB), and field-programmable gate
array (FPGA) board. (D) Block diagram overview of the entire signal processing pathway with n frequency channels, including sine wave generator (SWG), digital-to-analog
converter (DAC), sensor model circuit, analog-to-digital converter (ADC), phase-sensitive demodulator (PSD), and filtering blocks.
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segments maintain sufficient conductance so that the subsequent
segments further down the fiber may still be measured. We must
first choose excitation frequencies—or, equivalently, manipulate the
sensor’s specific resistance and capacitance—to maximize the dis-
crimination between strains across each sensing region. We began
an initial test by fabricating four 10-cm long HACSs with pitch of
approximately 4 mm; this should yield GF = 0.5 according to the
model and results from our previous study (32). We measured the
sensor response

c (g) versus strain for each sensor independently and

fit a linear model to obtain relaxed capacitance C(0), relaxed resis-
tance R(0), and GF for each (Fig. 4A). We then modeled the imped-
ance of the cascaded transmission line connection of the sensors
from Fig. 3A at arbitrary strain using the Cauer RC ladder transfer
function (38) from Eq. 2. We allowed the resistance and capacitance
parameters to vary with strain, assuming a linear relationship ob-
tained from the single sensor tests, for example
C(e) = C(0)(1 + & - GF)

The frequency response of the model at strains of 10 to 40% is
shown in Fig. 4B, presented as the change in RC-parallel capaci-
tance compared to that at € = 0. We observed that the frequency
window of 10 kHz to 100 kHz differentiates sensor segments I to IV
well with respect to strain. At frequencies below this window, the
observed AC versus strain is large, but nearly identical behavior is
seen at each segment I to segment IV. Above this window, the AC
versus strain is uniformly low for all sensor segments. We then con-
nected the individual segments in cascaded fashion (following the
schematic of Fig. 3B) and placed them in a fixture to confirm our
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model predictions. The fixture allows each sensing region to be
strained independently. For the purposes of illustrating the mecha-
nism and for device validation, we strain only one region at a time.
In the “Localized strain reconstruction” section, we will also exam-
ine the case where two regions are strained simultaneously. The in-
dividual sensor segments were connected with low-resistance
copper wire for during testing so that the exact same samples tested
individually could also be tested in series. This is electrically equiva-
lent to a continuous strain sensing fiber, which we used in the pro-
totype garment that follows. An LCR meter was used to perform
frequency sweeps of the system to obtain the data shown in Fig. 4C,
which agree well with our simple model. As expected, as we con-
tinue down the ladder network from the readout circuit (from seg-
ments I to IV), the change in capacitance response attributable to
strain at higher frequencies becomes lower. Last, we performed a
similar measurement using our readout system instead of the
LCR. Our device (Fig. 3C) functions as a compact, configurable im-
pedance analyzer that measures at multiple frequencies in parallel at
high speeds (around 30-Hz output data rate), compared to the LCR
that measures across many frequencies with low resolution in time
(seconds per sweep). We chose four excitation frequencies (approx-
imately 12.5, 25, 50, and 100 kHz) from the frequency window we
previously identified where the change in capacitance versus strain
between each sensor segment is approximately maximal (see
Fig. 4B). We observe a similar trend using our device as the LCR
sweeps (Fig. 4D). We have now established a basis for how distrib-
uted sensing may be accomplished using impedance measurements
at multiple frequencies. Next, we continue by briefly describing the
signal processing background about how the system measures the
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Fig. 4. Frequency separation of strain across the transmission line. (A) Response AC/C(0) versus strain for each sensing region, tested individually to determine the GF

via a linear fit. (B) The simulated capacitance frequency response C(e) —

C(0) of the model circuit from Fig. 3B, using initial values and GFs from (A) under strains of 10 to

40%. (C) Corresponding frequency sweeps obtained with the LCR meter on the strain sensitive fiber samples. (D) The response evaluated using our readout system at four

discrete frequencies.
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impedance at multiple frequencies in parallel and with high read-
out speeds.

High-speed impedance measurement

Here, we describe the impedance measurement procedure used in
our readout electronics. The signal processing pathway is outlined
in Fig. 3D and described below. Figure 5 shows a more simpli-
fied system schematic with example signals from both simula-
tion and measurements. A detailed description of each component’s

implementation in firmware or hardware may be found in sec-
tion S1. In addition, the system calibration process is outlined in
section S2.

The circuit first includes a sine wave generator (SWG) that pro-
duces digital sine and cosine signals at each f; of N frequencies. Us-
ing k as a discrete-time index variable and f; for the sampling
frequency, the SWG produces the signals shown in Eq. 3 (we use
square bracket notation to indicate discrete-time signals and paren-
theses to indicate continuous time).

f )
B — Measured Simulated
4 ~N 0.25 A \ A i
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10 A Wl YR YW YR TR
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Fig. 5. Abbreviated schematic with example signals. (A) Top: Multisinusoid excitation current iex(t) waveform (simulated and measured) and its Fourier transform.
(B) Voltage response from the sensor Vmeas(t) (measured and simulated using the ladder model from Eq. 2) and its Fourier transform, with sensor model frequency magni-
tude response overlaid in dashed yellow. (C) Fourier transform of the PSD mixer output /4[k], with DC component 74[k] shown as hatched area and approximate low-pass
filter response shown in dashed gray. (D) The relative in-phase 7,[k] and quadrature a,[k] impedance components from the sensor model simulation.
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s;Lk] =sin(2n§ k> ief{l,...,Ng}
¢;[k] =cos <2n"?

N

k> ie{l, ...,N¢} ®

The digital-to-analog converter (DAC) converts the sum of the
sine waves to an analog excitation voltage signal ve(t). This signal
satisfies the conditions of our structural identifiability analysis to
uniquely determine the lumped system’s RC parameters. The signal
is conditioned and converted to a current signal iex(f) by the trans-
conductance amplifier (TCA), following Eq. 4. An example of this
current signal is shown in Fig. 5A along with its spectrum, consist-
ing of Nf =4 frequency components of approximately equal magni-
tude. For simplicity, we assume a delay-less analog-to-digital
converter (ADC) transfer function equal to unity and approximate
the TCA transfer function as a frequency-independent gain G. The
dynamics introduced by the ADC and TCA are discussed in sec-
tions S1.1 to S1.3.

N N¢
ine(t) =G Y 5,() =G Y sin(2nfit) (4)
i=1 i=1

The linear, time-invariant impedance response of the sensor Z(J)
from Eq. 2 imparts a frequency-dependent gain and phase shift for
each component of the i.(f) excitation signal as shown in Eq. 5,
where |Zj] is the gain and ¢; is the phase shift at frequency f;.

Vieas() = L7 Z(3) o (9))]
il ©)
=G 2 |Z;|sin(2nfit + ;)

i=1

In Fig. 5B, the resulting voltage across the sensor vpe,(t) is
shown. The magnitudes of the four frequency components are mod-
ified following the linear response of the sensor. This signal is digi-
tized and processed by a phase-sensitive demodulator (PSD) that
uses the pure sine and cosine waves from Eq. 3 as a reference to ex-
tract in-phase and quadrature components at each frequency. Using
Euler’s formula, the signals from Eq. 3 may be written as

janti k —]an’k
k= e ©)
i 2j

onlik —j21tflk
c[k] = e 7)
! 2

and each frequency term of Eq. 5 may be written as shown in Eq. 8.

jonll k+(p —j21|:'£ k—g;
P A

mﬂlGZw| >

The PSD mixer multiplies each term i of Eq. 6 with Eq. 8 to cal-
culate the in-phase component. After simplification, we obtain Eq. 9.

(8)
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©
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Similarly, the PSD mixer multiplies each term i of Eq. 7 with
Eq. 8 to yield the quadrature component, Eq. 10.

Qi[k] = ¢;[K] - V,peq K]

_ G | Zi | e’znik+(pi — e—]ZﬂT;k—(P, + ePi — e~ i
2j 2j (10)

2
G 2 G-z
|2 s1n<2nf +(p,> + %sin((pi)
———
Qlx

Naturally, Eqs. 9 and 10 contain additional product terms for in-
teractions between all N¢frequency components, but these are omit-
ted for clarity as they will be filtered out in the following step. The
mixing process is exemplified in Fig. 5C for the in-phase impedance
corresponding to fy: I1[k]. The spectrum of the output of the mixer
contains the baseband, time-independent term of Eqs. 9 and 10 and
the high-frequency products. Let /I\i[k] and ai[k] be the DC compo-
nents extracted through an ideal low-pass filter. The real filter ap-
plied to the signals is discussed in section S1.5. A communications
block outputs /I\l- [k] and @i[k] to the client software running on a
PC. The result (Fig. 5D) may be converted to magnitude and phase
quantities using Eq. 11 or to any passive one-port circuit model
(e.g., RC parallel). In the following section, we explain our method
to obtain localized strain from the n-frequency impedance signals

T and a
21= 2T 00+

@, =tan™"! —Qi(k)
’ Tk

Localized strain reconstruction

Several methods have been used to reconstruct capacitance (and
thus strain) from the electrical impedance data shown in Eq. 11. A
graphical approach completed by solving a linear system of equa-
tions arising from the change of capacitance at the excitation fre-
quencies is fast and efficient (17) but works best when the resistance
of each segment remains constant. With most types of stretchable
capacitive sensors, the compliant electrodes have strain-dependent
piezoresistive behavior causing this assumption to be violated. Al-
ternatively, optimization methods may solve for the unknown ca-
pacitances (and even resistances) of the model’s system of nonlinear
equations (35). In this case, the input resistance R{Z, ()} and reac-
tance S{Z,(®)} of the transmission line at each of N¢ frequencies are
measured, following Eq. 2. From these 2 - Ny measurements, Ng

(11)
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unknown resistances and Ny unknown capacitances are estimated.
Conventional structured system identification algorithms such as
subspace identification may be used to identify the capacitance val-
ues in real time (39). These methods require a nonconvex optimiza-
tion problem to be solved at every time step, which may be
impractical for high-speed online measurement. The optimization
is not guaranteed to converge and often converges to a local opti-
mum as the number of identified parameters increases (40). Other
approaches have used machine learning methods such as support
vector machines or artificial neural networks (20, 41). Such tech-
niques are powerful but rely on the extensive collection of training
data. Once trained, they are not easily modifiable to use with differ-
ent sensors or number of segments.

We chose to use machine learning, specifically a multilayer per-
ceptron (MLP) algorithm, to reconstruct strain at each sensor seg-
ment from the impedance signals. Despite the drawbacks mentioned
above, MLP was selected because the sensors have nonlinear re-
sponse and, thus, one model could both produce strain estimates
and compensate for sensor nonidealities. Often strain is not the out-
come of interest and is merely a proxy for another signal (e.g., joint
angle), which is then predicted using a machine learning algorithm.
The MLP may operate directly on the impedance signals to compute
the final measurement without using strain or capacitance as an in-
termediate step. Neural network-based models have shown good
results in previous work for refining strain sensor signals (42, 43).
The MLP model avoids the need for online optimization, and once
trained, inference can run very quickly. Our MLP architecture in-
corporates £; and £, norm-weighted regularization penalties. While
tuned empirically, the former is intended to encourage sparsity in
the output to reduce false positive strain signals when the segment is
indeed at rest. The latter is applied as a general regularizer to reduce
the degree of overfitting. Further details about the data collection
protocol and model architecture are shown in Materials and
Methods.

Having designed a system capable of high-speed impedance
measurement to enable distributed sensing, we ran a bench experi-
ment to validate the device, collect training data, and quantify strain
reconstruction accuracy. We placed the four HACS fibers described
previously in the test fixture and subjected them to various combi-
nations of strains (see Materials and Methods and section S6 for test
procedure and experimental setup details, respectively). We trained
a simple MLP model (full details in Materials and Methods) to di-
rectly estimate the strain localized to each of the four segments from
the in-phase and quadrature impedance components at each of the
four excitation frequencies /I\,-[k], a,—[k] ie {1, ...,4} (totally, eight
inputs and four outputs). We found a test set strain reconstruction
root mean squared error (RMSE) of 1.04% with coefficient of deter-
mination (R®) of 0.992. The test set actual and predicted strain pat-
terns are shown in Fig. 6, and full results are listed in table S4. We
noticed that the accuracy was generally higher on segments located
more distal from the reader along the chain. This result may be ex-
plained by the technical specifics of the readout circuit. The lower-
frequency excitation signal that preferentially measures the distal
segment is more highly oversampled, increasing signal-to-noise ra-
tio (see section S1 for details). We also compared the reconstruction
accuracy between the cases with one and two segments that were
simultaneously strained. In the training and validation sets, recon-
struction RMSE was ~30% higher when straining two segments si-
multaneously, but this was not seen in the test set. This behavior
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possibly indicates the model overfitting to single segment straining,
which was more frequent in the dataset. From the correlation plots
in Fig. 6B, it is evident that goodness of fit increases with strain in all
four segments. This observation is partially attributable to variabili-
ty in the segments’ length at the rest position, such that they do not
all begin at exactly 0% strain.

Joint angle monitoring

After observing promising results from the validation test under
controlled conditions with four segments, we began a test of the pre-
viously introduced instrumented garment to reconstruct arm joint
angles from the single sensing fiber. The participant performed
three movements: shoulder adduction/abduction from approxi-
mately 0 to 90° with respect to the torso, elbow flexion throughout
its entire range (approximately 180°), and wrist flexion from ap-
proximately 0 to 45° with respect to the forearm axis. These move-
ments were chosen to capture the three major arm joints with a
relatively large range of motion. Although the sensing fiber has been
shown to have sufficient frequency response to detect strain rates
above 5 Hz (32), we attempted to further limit the frequency of the
movements to below 1 Hz to avoid rate-dependent effects. Refer-
ence joint angles were measured using a gold standard infrared
camera optical motion capture (OMC) system. We trained a similar
MLP model to that previously described, this time for joint angle
prediction rather than strain (see Materials and Methods for de-
tails). We show in Fig. 7 the results from the last set of test data. We
achieved joint angle regression RMSEs of 4.9, 6.5, and 6.1° for the
shoulder, elbow, and wrist, respectively. As a percentage of the ap-
proximate ranges of motion, the normalized RMSE was 6.5%, 5.4%,
and 8.1%. R* values were found to be 0.949, 0.966, and 0.831, with
full cross-validation plots and results available in fig. S11 and ta-
ble S5. In this work, limited data from one participant and simple
data processing methods were used to show the concept of distrib-
uted sensing in a wearable application without placing too much
focus on maximizing joint angle accuracies. Nevertheless, our
single-fiber system approaches the RMSE values of around 2 to 5°
reported for joint angle monitoring with multiple conventional, re-
dundant sensors clustered around the joint (8, 9) (albeit under cases
of well-controlled movements), yet without the associated wiring
and connection hurdles. Note that the OMC markers were placed
on top of the instrumented shirt. Although tight-fitting, we expect
errors from the motion capture measurements because of marker
displacements to be higher than standard biomechanics protocols
with markers placed on the skin. The distributed sensing technology
is naturally extensible to having more sensing regions per joint in a
dense area without additional discrete sensors nor connections. We
see that the reconstructed joint angles sometimes fail to track the
peaks of the reference (see, e.g., the shoulder traces from fig. S11).
When this occurs during extension peaks, it is probably that some of
the sensors had insufficient prestrain to avoid becoming slack at full
extension. The wrist not only had the poorest tracking accuracy but
also was the most difficult to accurately record the OMC reference
because the entire hand is resolved as a rigid body with only one
marker. Our prototype garment is the first wearable device that uses
distributed strain sensing to estimate multiple joint angles using
a single-fiber sensor. We believe that with more extensive and ac-
curate data collection, the technology has great promise to allow
fibers in clothing to be used as sensors in a fully textile, unobtru-
sive package.
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Fig. 6. Strain reconstruction tests. (A) Reconstructed (solid) and UTM reference (dashed black) strain for each sensor segment | to segment IV during the system valida-
tion experiment (test set shown). (B) Scatterplots of correlation between predicted and reference strain for each sensor and their associated R?values.

DISCUSSION

In this work, we reported a distributed sensing technology and
demonstrated its use in a wearable application. We combined an
electronic system with our capacitive fiber strain sensor to enable
distributed sensing in textiles. We developed the first compact im-
pedance analyzer circuit custom designed for distributed strain
sensing in a wearable context. We applied the sensors in a way that
allows sensitivity to be modulated across the fiber length to reject
unwanted strain signals, such as those arising at undesired areas or
from folds in the garment. The localized sensitivity of the desired
sites allows a minimal number of frequencies and simpler electron-
ics to reconstruct strain with around 1% error in controlled bench
tests. Our device is validated with a UTM-controlled fixture to pres-
ent quantitative strain reconstruction results, whereas previous dis-
tributed strain sensing reports have mostly shown qualitative tests.
Applied in a prototype garment, our system estimates multiple joint
angles with a single fiber, often to within five of an OMC system for
major joint axes of interest.
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As this is primarily a study to first demonstrate distributed sens-
ing in a wearable device, there are certain limitations that may be
addressed in future research. Scaling up the number of sensor seg-
ments is an obvious evolution of the technology. Although shown
with one fiber and three joint measurements, the distributed sensing
technique is naturally extensible to multiple fibers each having many
measurement sites. This will be of focus for future research, explor-
ing the limit of sensing region density. One can envision the future
development of multisensing fabrics capable of measuring strain
maps across the body in real time. There remain questions about the
effect on strain reconstruction accuracy when multiple sensing re-
gions are strained at once under nonideal conditions. We observed
a moderate decrease in test set accuracy in the case of simultaneous
strain, but we only explored the case of straining two adjacent seg-
ments. Evidence in other studies and our structural identifiability
analysis supports the claim that the masking of one sensor segment
by another appears not to be a major obstacle to the practical use of
this distributed strain sensing system, but further investigation
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Fig. 7. Joint angle monitoring with the wearable prototype. (A) Visual demonstration of the three joint angles under consideration. (B) Predicted (solid) and OMC
reference (dashed black) angles for each joint, from the final fold of testing, where shaded regions indicate the part of the test where that joint was voluntarily moved.
(C) Scatter plots of predicted versus reference angles with associated R? values, where the black dashed line indicates perfect correlation.

would be of high interest. Although the MLP model we used to re-
construct strain and joint angles from impedance data is fast to run
during inference, able to correct for nonlinear effects of the sensors,
and able to compute the desired outcome measure directly, using
supervised machine learning algorithms for this task introduces
limitations. In our implementation, the algorithm must be retrained
for use with different sensors types or number and positions of seg-
ments, as it has no innate knowledge of the dynamics. Training re-
quires precollected data. Thus, one loses dynamic reconfigurability
with this model, which is an important benefit of distributed sensing
and of great interest for future work. Future research may target im-
proved algorithms for capacitance reconstruction such that the size
and number of segments can be dynamically changed. Last, we an-
ticipate a further study including testing to evaluate the robustness
of distributed sensing in more real-world scenarios, for example,
with tracking of random or everyday arm movements.

While we aimed to keep the electronics simple by using a field-
programmable gate array (FPGA) and minimal analog circuitry to
allow translation to a fully on-chip solution more easily; it would be
relatively straightforward to implement a wireless battery-powered
system in the future. The electronics as designed could be made
much smaller to become truly portable by integrating everything on
a single printed circuit board (PCB), removing extraneous compo-
nents, and changing the form factor so that it better fits a compact
enclosure. Despite this, challenges exist with miniaturization of an
accurate, wide-band impedance spectroscopy device. A main bene-
fit to this conceptualization of distributed textile sensing is that the
complex electronics may be decoupled from the all-textile garment,
interfaced with only two connection points. The elimination of con-
nection points within the garment and localization of all remaining
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connections in a proximal hub markedly simplifies e-textile produc-
tion, facilitating the progress of all-textile wearable sensor systems.

MATERIALS AND METHODS

Fiber sensor and prototype garment fabrication

The helical auxetic capacitive sensors were fabricated as described in
(32). A stretchable conductive fiber (with a diameter of 0.75 mm),
produced by applying a polypyrrole coating to an elastic fiber, was
wound with a coil of 35 American wire gauge (AWG)-insulated cop-
per wires. The core functions as one electrode of a capacitor with
relatively high resistance and the coil functions as the other electrode
with low resistance. The enamel insulation on the copper wire pro-
vides a dielectric layer. A thicker core was formed with three parallel
coated elastic fibers for a final diameter of ~2 mm. For the bench
tests, four separate core segments of relaxed length £y = 10 cm were
wound with 4-mm pitch. For the prototype garment, a continuous
core of 80 cm was wound with three sensitive regions of relaxed
length £y = 10-cm and 8-mm pitch. The sensing fiber was anchored
with ~10% prestrain when the joint of interest was extended. Be-
tween the sensitive regions were two insensitive regions of varying
lengths and a 3.5-mm pitch. The continuous sensor had an un-
strained linear DC core resistance of 0.75 kilohm-cm ™ and a capaci-
tance of 4.7 pF-cm ™. Capacitance and resistance versus strain of a
sample sensor as measured with the LCR and our device are present-
ed in fig. S6. For integration in the garment, we spaced the sensitive
regions empirically so that they were centered around and fully over-
lapped the shoulder, elbow, and wrist joints. The sensing fiber was
attached to the garment using clips sewn to elastane fabric backing
patches. Photographs of the donned garment may be seen in fig. S10.
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Electronics design and implementation

The digital signal processing (SWG, DAC, and PSD) was prototyped
in Simulink (MathWorks, Natick, MA, USA) and implemented with
custom Verilog code on FPGA fabric (Lattice iCE40HX-8 K, Lattice
Semiconductor, Hillsboro, OR, USA). The analog circuitry (TCA
and ADC) was prototyped in SPICE and was realized on a custom
75-mm X 45-mm PCB shown in Fig. 3C. Further details are pro-
vided in section S1. Verilog code, board layout files, client software,
SPICE simulations, and mechanical part files used in this project are
available in our repository: https://gitlab.ethz.ch/BMHT/textile-
wearables/textile-electronics/sensor-readout-board.

Validation data collection protocol

A UTM (Instron E3000, Instron, Norwood, MA, USA) was interfaced
with a custom-made fixture that allows straining of each sensing re-
gion independently (see fig. S9). Four fiber strain sensor segments I to
IV were mounted on sliding rails with a center section that is con-
nected to the UTM crosshead. The entire fixture top plate was then
manually adjusted to bring each sensing region to approximately zero
strain. One or two adjacent sensing regions were positioned in the
center section of the fixture and thus subject to strain at a given time
(allowing simultaneous combinations of segments I and II, I and III,
as well as ITT and IV). The readout electronics are synchronized to the
UTM with an electronic trigger signal, and the data are recorded by
the client software running on a PC. The sensor was characterized
electrically using an LCR meter as a reference (Hioki IM3536, Hioki,
Ueda, Nagano, Japan). The UTM was programmed to follow an up-
down staircase strain pattern, with steps of 10%, a ramp rate of 1% s,
and a maximum strain of 40%. At each step, the strain was held for
5 s. Because of limitations of the fixure, we could only perform the
simultaneous strain combinations I and II, IT and III, as well as IIT and
IV. The staircase pattern was repeated six times per sensing region
combination. Data and scripts required to reproduce the figures in
this manuscript are available in our repository: https://gitlab.ethz.ch/
BMHT/publications/distributed-sensing-along-fibres.

Strain reconstruction model

A very simple MLP model was compiled using Keras/Tensorflow
with architecture consisting of an eight-unit input layer, two hidden
layers of sizes (16, 32) units and using tanh and rectified linear unit
(ReLU) activation, respectively, and a four-unit output layer with
linear activation. The second hidden layer had £, regularization
with weight 1 x 107°. The six trials collected as described in the
above section were split into training (trials 1 to 4), validation (trial
5), and test (trial 6) sets. The model was trained with a batch size of
256 using the Adagrad optimizer with a learning rate of 0.1. Train-
ing was terminated when 50 epochs elapsed without an improve-
ment in validation set mean squared error (MSE). The predicted
strain model output was filtered with a moving median filter (win-
dow size of 2 s) before computing the metrics presented in table S4.

Wearable prototype data collection protocol

The subject donned the upper-body garment, and reflective OMC
(Vicon Ltd., Oxford, UK) markers were placed according to the
upper-body Plug-In Gait model. The subject performed 10 repeti-
tions each of shoulder adduction, elbow flexion, and wrist flexion.
These movements were repeated for 10 sets, with a brief rest period
in between. The impedance signals from the readout board were
synchronized electronically with the OMC system using its trigger
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output. The joint angle reference signals were preprocessed with a
Savitzky-Golay filter (window length of 2 s and fourth-order poly-
nomial), and the impedance signals were Butterworth low pass-
filtered (fourth-order, 2 Hz cutoff).

Joint angle reconstruction model

The MLP model used for strain reconstruction was slightly modi-
fied to be used in joint angle reconstruction. The output layer was
adjusted to three units, corresponding to the three joint angles of
interest. #; and ¢, regularization was applied to the second hidden
layer with weights of 0.04 and 0.15, respectively, and both hidden
layers used ReLU activations. The 10 trials of data collected as de-
scribed in the above paragraph underwent a leave-one-out cross-
validation scheme. At each cross-validation round, one trial was
reserved for test data, and the remaining nine were split into test
(80%) and validation (20%) sets. The input data were Z score—
normalized (with scaling determined from training set only). In ad-
dition, the 10th epoch was reserved for testing; the results of this set
are presented in the “Joint angle monitoring” section and Fig. 7, and
no model tuning was performed using test data. The model was
trained with a batch size of 64 using the Adam optimizer with a
learning rate of 0.005. Training was terminated when a weighted av-
erage (shoulder, 1/3; elbow, 1/3; wrist, 2/3) of validation set MSE did
not improve for 250 consecutive epochs.

Supplementary Materials
This PDF file includes:

Sections S1to S9

Figs.S1to S11

Tables S1to S5
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