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ABSTRACT
We demonstrate how an array of custom-made strain and
bend sensors could be integrated into a stretchable sleeve to
infer the textile deformation. The angles and elongation measured by the sensors can be used by an optimisation-based algorithm to infer the textile geometrical model by minimising
a loss function. We evaluated this on 4 shapes highlighting
different body-part characteristics. We demonstrated that a
3.11 mm reconstruction error on complex geometries can be
reduced up to 0.08 mm with the computation of angles. This
proves the potential of the proposed prototype for capturing the shape of a body parts, muscle density measurement,
body shape acquisition, the fabrication of orthoses and prostheses, or to perform movement sensing for human activity
recognition, where it could be included in sports leggings for
biomechanical analysis, or in everyday garments for motion
and gesture sensing.
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1

INTRODUCTION

Human body shape digitisation for 3D modelling has been
explored in a wide range of sectors. Typical applications are
body posture tracking [1, 11–13, 18], rehabilitation [14], muscle volumetric measurements [21], fabrication of orthoses
and prostheses [4], creation of realistic models to fit clothing [2, 20], and for virtual reality and animation [9]. Generally, these applications rely on complex and expensive
techniques such as Magnetic Resonance Imaging (MRI) or
Computerise Tomography (CT) scans [6, 7].
Wearable devices with accelerometers and magnetic field
sensors have been utilised for textile shape sensing [10], however, the accuracy is still affected by gaps between sensors,
calibration, dynamic acceleration and magnetic disturbances,
or they require reliable wireless connection and complex
machine learning algorithms [1, 12]. More fundamentally,
despite advances in electronics miniaturisation, deploying
an array of such sensors in a textile is costly, especially compared to much simpler passive sensors such as simple elongation and bend sensors which are essentially resistors whose
value is modified by the component geometry. These can
be resistive [17, 19] or capacitive[3] made of elastomers and
carbonaceous fillers. Although the latter showed lower hysteresis, resistive sensors have a higher gauge factor (GF),
being highly sensitive to small changes in strain.
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New technologies such as the use of badge-reel stretch
sensors have been using also for posture monitoring [11],
however, they still lacking the comformability to the human
body shape offered by functional flexible and stretchable
sensors [8, 15, 18]. This property has been explored for the
fabrication of systems formed by arrays of sensors for shape
sensing [16] and for the measurement of 3D surface deformations [8].
The contributions of this paper are as follows:
• A stretchable and conformable textile sleeve integrated
with a grid of specially synthesised and tailored strain
and bend sensors to increase definition on the reconstruction.
• A custom production process for the passive strain
and bend sensors based on ecoflex infused with carbonblack, which aims to eventually reduce costs compared
to using active sensors (e.g. MEMS-based IMUs) and
could be included within an industrial production process.
• An optimisation-based shape reconstruction algorithm
which enables the reconstruction of 3D geometries
based on the elongation and bend data reported by the
sensor. The algorihtm optimises the coordinates of the
vertices of a mesh until a minimum error is obtained
between the sensor-reported elongations and angles,
and the reconstructed mesh elongations and angles.
• Compared to the closest reported previous work [16]
which employed commercial sensors which only measured elongation, the novelty of this work is to include
both elongation and bend sensors. While only shapes
with circular symmetry could be sensed in [16], our
work can be applied to shapes with different radii on
the cross section and with bending features perpendicular to the cross section. This allows to captures
more complex geometries including elbows or bumps,
which could be useful in body-shape sensing applications, such as orthotics.
• Finally, we discuss how this textile shape sensing can
be used in the context of human activitiy recognition when included in sports garments or everyday
clothing, thereby allowing unobtrusive motion sensing.
This complements current sensing approaches based
on wearable devices.
2

APPROACH

A shape inference algorithm is used jointly with an array
of flexible sensors in a stretchable textile sleeve. Figure 1a)
shows the configuration of the textile sleeve. This is formed
by 4 rings of stretchable(SS) to measure the rates of changes
in length and bending sensors(BS) alternated to quantify the
changes in direction on the cross section. These rings are
connected each other by a row of 10 bending sensors(B),

which will measure changes in direction perpendicular to
the cross section. The 3D shape inference is carried out using
an optimisation process based on the difference between the
data obtained from the sensors when at rest and when they
are in an active state (stretch or bend). The algorithm was
developed and tested in Matlab using a digital simulation
of arbitrary topologies, matching the hardware system and
assessing configurations with higher number of sensors. To
achieve this, two geometries are generated, a target geometry
and an inference geometry. The former has a fixed topology
which is the digital representation of the array of sensors,
given the reading of the sleeve’s sensors after conforming
onto a physical body. The topology of the latter starts as a
cylinder, and will iterate to match the target geometry. Each
geometry is formed by a set of n nodes 𝑃𝑖 (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖 ) ∈ R3
connected to m neighbour nodes through edges defined using a 𝑛 × 𝑚 connectivity matrix. Sensors’ connections are
denoted by the nodes and the lengths by the edges. Three
parameters are defined in the simulation, the edges’ lengths
(𝑒𝑡𝑎𝑟𝑔𝑒𝑡 ), obtained from the sensors’ strain 𝜖, and two different
sets of angles, the angles between segments on the geometry’s cross section, 𝜃 𝑪𝒕 𝒂𝒓 , and the angles between segments
connecting
each cross section along the geometries’ length,

𝜃 𝑳 𝒕 𝒂𝒓 , measured with bend sensors.
The inference geometry’s nodes initial condition is a cylindrical array with diameter and length larger than the target
shape, and the inference to the target shape is undertaken
with an optimisation process that seeks to optimise the nodes’
coordinates, (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖 ), so that the edges’ lengths (𝑒𝑖𝑛𝑓 ) and
the angles (𝜃 𝑖𝑛𝑓 ) of the inferred shape matches those measured by the sensors. This is achieved using a loss function L.
This function determines the difference between the inferred
shape and the sensors’ readings and is the sum of the squared
differences between lengths and angles of the inferred shape
and those of the target shape, as shown in equation 1:
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(1)

Both geometries must have the same number of nodes,
edges, and the same number of neighbours or connectivity.
Moreover, two weighting factors were added, 0 < 𝜆1 < 1 and
0 < 𝜆2 < 1. 𝜆1 assigns a higher importance to the matching
lengths between the inferred shape and the sensor readings
and a lower importance (1 − 𝜆1 ) to the matching angles on
the cross section; 𝜆2 assigns a higher importance to the angles on the cross section and the remaining value (1 − 𝜆2 )
to the angles perpendicular to the cross section. The loss
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Figure 1: Sensors array and simulation topology. a) The array of sensors, formed by four rings made of Strain Sensors
(SS in turquoise) and Bending Sensors (BS in red) connected
in series. These rings are connected through 10 Bending sensors (B in green) that measure changes perpendicular to the
cross section. b) Simulation mesh topology, 𝑒𝑖 = edges length,
𝜃𝑐𝑖 = angles on the cross section, 𝜃𝑙𝑖 = angles perpendicular
to the cross section.

function L is minimised using a Gradient descent algorithm
(BFGS Quasi-newton) to
 compute the partial derivative of the
nodes’ displacement ∥𝑥𝑖𝑖𝑛𝑓 − 𝑥𝑖𝑡𝑎𝑟 ∥ , with 𝑥𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖 );
then the gradient descent adjust the coordinates to match
the distances to those of the sensor readings.
To assess the performance of the algorithm for complex
shapes, a virtual representation of the sleeve was developed.
Virtual topologies with different curvature features were
used to simulate how the real-world sleeve conforms. As the
shape geometries have known coordinates, the virtual sleeve
is conformed over the shape using the nearest neighbour
approximation while retaining the constraints of the real
sleeve. The formed sleeve is then processed by the optimisation algorithm and compared.
3

SENSOR-ENHANCED TEXTILE

The system is formed by a textile sleeve with 70 sensors . A
textile sleeve was enhanced with an array of bending and
stretchable sensors that were designed and fabricated with
carbon black conductive nano particles and ecoflex silicone.
The array was designed so that it is formed by four long
stripes of 5 stretchable sensors alternated with 5 bending
sensors, all connected in series, therefore, the end of one
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sensor is connected to the end of the following sensor (1a).
The “rings” measure shapes’ cross section perimeter, they
are connected by 3 rows of bending sensors that measure any
changes perpendicular to the cross section. The thickness
of the sensors is 1.5 mm and their width is 5 mm. Bending
sensors are 16 mm while strain sensors are 13 mm.
The material of the sensors was synthesised following
the steps depicted in Fig.2, using heptane, Ecoflex (00-30
Smooth-on, Pennsylvania, United States) and carbon black
(Vulcan P, Cabot, Boston, Massachusetts, United States) in a
ratio of 10:10:1.5. Heptane was used as a non-polar solvent
to mix the carbon black in Ecoflex. A mould was designed
and 3D printed to shape the sensors by pouring the material
in it. For the bending sensors, an additional fibre, sisal, was
placed in the bottom of the mould and covered with the
piezoresistive material, so that the change in resistance was
only influenced by bending rather than the stretching; while
no further modification was done for the strain sensors. The
sensors were interfaced with filament copper wires as this
method showed high reliability during cyclic tests for loading
and stretching [5].
Once the solution was cured, the array was removed from
the mould and adhered to a textile sleeve using silicone.
The smart textile shown in Figure 2 has a inner diameter
of 60 mm and it was connected to an interface hardware.
The PCB is depicted in Figure 3 and has 6 circuits connected
to a microcontroller development system (Teensy 3.2). The
data from the 40 sensors on the rings is acquire by four
circuits, each one with two 16 channel analogue multiplexers,
two operational amplifier, and a digital potentiometers. The
resistance values of the 30 bend sensors that connect the
rings are read by two circuits built with two 16 channels
analogue multiplexers, one digital potentiometer, and one
Op Amp. In both cases, the multiplexers connect one sensor
at the time with the digital potentiometer to form a voltage
divider. The value of the digital potentiometers is adjusted
changes with the sensor resistance values to obtain more
accurate values. The microcontroller is interfaced over a USB
serial line and Matlab is used for data acquisition, storage,
and processing.
The sleeve was worn on four shapes with different features.
The shapes were specially designed to test the feasibility of
the sensors to measure changes in cross section and perpendicular to the cross section. The shapes were designed in
Solidworks and exported in STL fie for both, simulation and
for 3D printing to perform measurements. The geometries
are shown in Fig. 5. A a cylinder with a double ellipsis was
designed to test different radius over the cross section. Similarly, a cone, a double ellipsis bent cylinder, and a cone with
a bump were designed to measure changes in and perpendicular to cross sections with different diameters.
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Figure 2: Fabrication process for the sensors. Carbon black
and Heptane are put together and mixed. Ecoflex B is added
half an hour later and stirred for 5 hours. Ecoflex A is added
and stirred for a quarter of an hour. The solution is degassed
and poured into a mould. After 24 hours, the array is detached and attached to a elastic textile sleeve.

Smart Textile Calibration
The sleeve was calibrated before performing shape acquisition. A set of 3D printed cylinders with three different
diameters,62, 64 and 70 mm, were used for the calibration.
First, the resistance of each sensor was measured at rest (𝑅0 )
during 30 min, then the sleeve was placed on a cylinder for
30 min, and removed afterwards. The resistance values were
obtained after 10 min of placing or removing the sleeve and
averaged to calculate the change in resistance (Δ𝑅/𝑅0 ). This
process was carried out 5 times for each cylinder, measuring each one of the strain sensors when on the 3D printed
parts to compute the change in length 𝜖. This was required
as each sensor has a different 𝑅0 and degree of strain. The
circumference of the rings were calculated with the sum of
the thickness of the sleeve and the diameter of the cylinders
for each calibration shape. The elongation and the average
resistance for each diameter were used in a third degree
polynomial obtained with polyfit function in MatLab.
4

EXPERIMENTS AND RESULTS

The implementation of angles for shape inference in the simulation was tested with the STL geometries shown in Fig. 5,
and the functionality of the smart textile was tested on 3D
printed parts of the same topology. The sensors at rest had
a cylindrical shape with a 30 mm radius. The average resistance of the sensors was 321±169 kΩ. The seventh column
in Fig. 5 shows the sensors’ relative change in resistance
(Δ𝑅/𝑅0 ) for each measurement.
The algorithm was initially tested on generated cylindrical
and elliptical geometries to identify the right set up for number of segments (rings) along the length of the shape and on
the cross section (nodes per ring), as well as the appropriate
weighting factors 𝜆1 and 𝜆2 .
The topology of the simulated sleeve is initially cylindrical.
Parametric analysis was done by changing lengths, number

of rings and sensor segments. The mean difference between
the inferred vs. target geometries was obtained for different
values of 𝜆’s as a measure of accuracy. For each iteration
of the minimisation algorithm, the energy used for the optimisation is the output of the function in equation 1. As
the algorithm proceeds to find the minimum difference, the
energy value minimises until an acceptable tolerance is met.
On circular cross section shapes, the lowest energy value of
(9.409 × 10−13 ) was observed for 20 segments using 𝜆1 = 0.9
and 𝜆2 = 1.0. While for elliptical cross section it was observed
to be 1.697 × 10−12 for 10 segments with 𝜆1 = 0.3. For the
elliptical cross section with 20 segments, the lowest energy
value observed was 1.991 × 10−12 for 𝜆1 = 1. This verified
the expectation that less weighting in angles prevents the
algorithm from inferring to a satisfactory match.
Further tests were conducted using the geometries in Fig. 5.
The selected shapes featured characteristics for testing various ranges of 𝜆1 and 𝜆2 for discovering combinations that
resulted in minimum error. For these shapes, 4 and 8 rings
with 11 ring segments were primarily used to match the real
sleeve. The simulated sleeve’s topology is matched with the
STL test geometries by changing the nodes’ coordinates using a nearest neighbour approximation, then it becomes the
target shape for the optimisation, blue mesh in Fig. 5 column
3. During this process, the constraints of the real sleeve, such
as the static lengths of the bend sensors and skew between
the rings were retained.
Figure 4 displays the surface plot of the error (axis Z) analysis obtained at various values of 𝜆1 and 𝜆2 on axis X and
Y, for the 4 shapes individually. The values were obtained
from the simulation of the sleeve with 4 rings and 11 nodes
per ring. The error was calculated as the mean of coordinate
difference between the target and the inferred shapes. The
areas in green colour illustrate where 𝜆1 and 𝜆2 pairs produced optimum results. These values were later used to test
the data from the sleeve sensors, where the target shape is
unknown to the algorithm. The algorithm resulted in a best
case scenario of 0.11 mm error between target and inferred,
compared to 0.89 mm without 𝜆’s. For the majority of the
results, there were no significant differences for both 𝜆’s
between 0.2 and 0.8 weighting. Shape a) is straight along
the length, so inference was accurate for most values of 𝜆2 ,
while inference of Shape c) benefited from higher values of
𝜆2 .
5

DISCUSSION

The system developed enhances shape sensing and reconstruction of 3D shapes by increasing the constraints, by the
introducing the computation of angles. For regular shapes
where the angles between the edges on the cross section are
equal, e. g. circle, the shape reconstruction can be achieved
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Figure 3: Readout circuit. A PCB with 6 circuits. 4 used to read the data from 40 stretch and bend sensors on the rings each one
with two 16 channels analogue multiplexers, 1 digital potentiometer, and 2 Op Amps. The other 2 circuits read data from 30
bend sensors connecting the rings, each one with a 16 channel analogue multiplexer, 1 digital potentiometer, and 2 Op Amps.

6

Figure 4: Error analysis of weighting factors (𝜆1 and 𝜆2 ) on
a simulate sleeve with 4 rings and 11 nodes per ring. a) Double oval cylinder, b) two cross sections cone, c) double oval
cylinder bent, d) two cross sections cone with a lump.

only by computing the edges’ lengths. However, this approach proved to be ineffective when the geometries have
different angles between the edges, e. g. ellipsis. This was
proven with the topologies tested, in such cases, the minimum value of the reconstruction error was for the double
ellipsis cylinder, almost 900 % higher when computing only
the lengths (error = 0.89 mm) than when including the angles (error = 0.10 mm). Although the use of angles for the
reconstruction of irregular cross sections provides a better
approximation than using only segments, the approach still
limited and a higher number of elements will be required to
provide a better approximation to the shapes. Even though
the sensors’ connectivity needs to be improved for a smart
textile, the thickness of the sensors (1.5 mm) allows them to
be attached unobtrusively into clothes and prevents them
from wrinkling or creasing.

CONCLUSIONS

This work expands on previous work to reconstruct textile
deformation from array of strain sensors by including bend
sensors. We use materials and fabrication methods suitable
for production process. We demonstrated that a 3.11 mm reconstruction error on complex geometries can be reduced
up to 0.08 mm with the computation of angles. These innovations aim to address the challenges in sensing human
body shape with practicality and ease of use. In the context
of human activity recognition, such a system can be integrated in tight fitting or everyday garments to infer limbs’
orientation. This could be used for gait analysis (e.g. integrated in compression leggings) or upper limb movements
(e.g. integrated in shirts’ sleeves. In such applications, the
data would be acquired continuously (e.g. at 10 Hz), run the
shape inference after each acquisition to obtain limb orientation and activity recognition techniques would be applied to
the resulting time series. This could prove an attractive and
unobtrusive alternative to motion sensing using wearable
inertial measurement units.
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