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Abstract— Wearable electronics is now 
revolutionizing the world of smart sensors offering 
tremendous solutions to a variety of applications that 
span from biomedical market to gaming and fashion 
sectors. In this scenario, physical sensors play a crucial 
role since they offer a fast and reliable feedback of the 
human motion, even for fine gesture, and can detect vital 
physiological parameters such as breathing and heart 
beating, while being able to be easily integrated on 
textile. Among wearable physical sensors, thermoplastic 
materials are utilized for their sensitivity and high 
stretchability. Moreover, these materials exhibit a good 
chemical resistance and implement low cost 
manufacturing processes. In this work, we report a full 
characterization of a new thermoplastic nanocomposite 
material comparing its performances with and without pre-conditioning for strain up to 20%. Together with a measured 
gauge factor of about 10, sensors without pre-conditioning exhibits very good stability and they result to be a good 
candidate for wearable applications. We demonstrate this statement analyzing the performance of a smart wristband 
prototype that integrates these strain gauges, obtaining very high performance of the sensors without pre-strain in 
gesture recognition tasks with an accuracy and F-score of about 94%. 

 
Index Terms—Smart wristband, strain gauge, thermoplastic nanocomposite, wearable electronics  

 

 

I.  Introduction 

The world of sensors is becoming more and more mature, 

offering multiple solutions that can be deployed pervasively on 

urban infrastructures or on a person’s garment and devices. This 

trend must match the customer preferences to become 

captivating and diffuse into the market. In this sense, a winning 

sensing technology should be generally transparent to the final 

user. This means that device integration and miniaturization is 

the key to manufacture products with a successful feedback 

from the market. Indeed, consumers are now accustomed to 

obtain complex information from their devices and they 

demand for multipurpose sensing platforms that can easily 

merge data and process novel information quickly. 

Wearable electronics can represent a valuable technology to 

collect multiple sensing parameters, manage these signals (e.g. 

filter, amplify and digitalize data) and transfer significant 

information through cloud computing [1-3]. Wearable 
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electronics has been conceived as intrinsically autonomous 

system that can harvest energy by external sources (e.g. solar 

cells or human motion) or can even show self-healing 

properties, guaranteeing long device lifetime and reducing the 

environmental impact [4-7]. Many different classes of sensors 

are listed among wearables such as physical, chemical or 

optical devices. In particular, physical sensors remain a winning 

technology due to their durability and signal stability [8-12]. 

Physical flexible and stretchable sensors offer a wide range of 

applications and they can detect pressure, friction or torsion as 

well as body movements [13-19]. Moreover, these devices can 

be embedded in the tissue in different ways, providing 

appealing integrated solutions for the usage of smart garments 

[20-24]. Among different materials, conductive thermoplastic 

elastomers (CTPE) result very attractive as strain gauge sensors 

since they exhibit a high thermal and chemical stability, as well 

as a tunable conductivity [25]. Usually, CTPE can be produced 

adopting low cost manufacturing processes such as micro-
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extrusion and injection molding, and they can be easily 

controlled by tuning the type of nanostructures embedded in the 

filler, thus obtaining variable resistances as sensors [26]. On the 

other hand, these materials often need long and time-consuming 

procedures to stabilize their response in time according to pre-

strained procedures to reduce the drift of CTPE sensor. Indeed, 

even if these materials generally respond very quickly to a 

mechanical stimulus, they undergo to rearrangement of their 

internal nanostructures, producing a strong drift due to a 

relaxation of the elastic part of the sensor. In this sense, it should 

be considered the possibility to use CTPE materials that can 

exhibit minimal drift or even a stable response without the 

imposition of long pre-conditioning procedures. To achieve this 

result, we have to consider both the different type of 

nanostructures that can be used for manufacturing the material 

(e.g. spherical or asymmetrical carbon elements) and the 

modality in which the sensor should operate (pre-plastic, elastic 

etc.) [27]. In this work, we demonstrate the implementation of 

a nanostructured CTPE strain sensor, operating in a specific 

mode that permits to avoid pre-conditioning cycles and 

maintain a stable response in time for a range of strain up to 

20%. The performance of the sensors is compared with a pre-

strained device. Finally, to show the full potential of the device, 

sensor response is observed even on a smart wristband to detect 

specific gesture, thus opening the possibility to use these 

devices as key elements for biomedical applications. 

 

II. SENSOR FABRICATION 

CTPE sensor material has been provided in form of wires by 

Nadir srl. Both TPE pellets (the elastomeric matrix) and carbon-

based powder (the conductive nanofiller) are fed through 

volumetric dispensers in the main hopper of a Lab Scale Co-

rotating Twin Screw Extruder by Thermofisher. The kneading 

screw (d=12 mm) is structured in 8 zones with three interposed 

sections to produce high-uniformity blends. The temperature 

profile is set at 180 °C for the first zone and 200 °C for the other 

ones while the screw rotation speed is kept constant at 100 rpm 

to limit the variations in the density of the produced material. 

Through several trials a wire with 0.8 mm diameter and a 

nominal resistivity of 15 cm has been produced (Fig.1).  

 

This value of resistivity enables the production of sensors with 

a total resistance in the range of hundreds of k, making easier 

integrating the devices with standard circuitry for many use 

cases. The material looks very stretchable and it withstands 

elongation in pre-strain mode up to 400 % without breaking 

down. After the extrusion, the sensing material was cut in wires 

5.5 cm long. Durable connections have been made following 

the process shown in Fig.1: a bare wire has been wrapped 

around the material and fixed by using a blend of graphite 

powder with glue. Heat-shrink tubes have been embedded in the 

wire-to-polymer contact zone to increase the mechanical 

stability and to provide electrical insulation. The sensors have 

been tested as is, without any additional coverage, at room 

temperature.  

III. EXPERIMENTAL 

A. Material without pre-straining 

To observe the behavior of the sensor in the different 

conditions a mechanical setup based on stepping motors has 

been used. In particular, a linear elongation has been 

superimposed to the device, controlling the sensor response by 

an ad hoc software compiled in LabView. Software sends 

command to a stepper motor by Contek (speed up to 2 mm/s) 

with a resolution in positioning down to 1µm and communicate 

with a Keythley 2440 for the resistance measurement. The 

software records the electrical resistance as a function of the 

elongation and it is able to perform cycling of type elongation-

pause-relaxation-pause, allowing to measure characteristic 

curves such as Normalized resistance variation vs Strain 

(Fig.2), stress test over many cycles, analysis of the sensor 

response to constant strain and dynamic response to different 

strain speed (Fig.3a-b-c-d).  

To limit the detrimental effect of long-term drift of the 

resistance rest value of the sensor, the devices have been 

annealed before the mechanical measurements with a soft-bake 

of 8 hours at 60 °C. This allows to reduce the content of water 

due to long term absorption of air humidity caused by the lack 

of an encapsulation layer and to obtain reproducible results 

from different sets of tests. 

 
Fig. 1.  On the left side, the spool of the extruded wire (above) and 
electrically connected sensor (below). On the right side, the process to 
form a reliable electrical and mechanical contact: 1) bare wire (red) is 
wrapped around 0.5cm of CTPE material; 2) mixture of carbon filled 
paste and glue is placed around the contact zone to improve contact 
resistance and act as mechanical bonder; 3) heat-shrinkable tube is 
inserted to further improve mechanical reliability. 

 
Fig. 2.  Resistance variation vs. Strain in a single cycle for not-
prestrained device (top) and for a pre-straining device with a treatment 
of 500 cycles at 250% (bottom). In blue (dashed line), both non pre-
strained and pre-strained curve have been fitted as a combination of 
two lines to highlight the gauge factor in the different working regions. 
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In these conditions, the sensor resistance at rest is in the range 

of 100 k with a difference of less than 5% among the set of 

devices cut together, proving a very good uniformity of the 

extruded blend. 

The plot of Fig.2 shows the behavior of the electrical resistance 

as a function of the strain with a linear speed of 1 mm/s. We 

tested two sensors using respectively the material as-extruded 

(SAE) and pre-strained at 250% (SPS). A very different behavior 

can be appreciated in this figure. In fact, not only the absolute 

values of R0 and the dynamic range, but even the sign of the 

variation is different.  

On one hand, SPS increases its resistance vs the strain and has 

sensitivity about 8 times bigger respect to SAE (R/R0-PS 16 vs 

R/R0-AE  2), but it exhibits higher hysteresis and a rest value 

an order of magnitude larger. On the other hand, SAE decreases 

its resistance for increasing strain and the curve shows very low 

hysteresis comparing stretching and relaxing phase, resulting in 

a very stable curve.  

In order to design a robust wearable application, we decided to 

prioritize stability over sensitivity and several tests were run to 

characterize the sensor behavior to short and long stresses 

(Fig.3a-b). 

The plot of Fig.3a shows the behavior of the device-under-test 

(DUT) to ten consecutive cycles of stretching and relaxing. As 

it can be noticed, except for the first cycle where the initial 

value of the device is in the range of 90 k, the device shows a 

very reproducible behavior during the following cycles (error 

on peak values <2%). The different value at t=0 of the plot has 

two causes: 1) the impossibility for the operator to put the 

sensor between the clamps of the test setup imposing zero 

mechanical stress; 2) elastomeric rearrangement due to the long 

preparation time. The local peak in the range of 40 k that 

happens at the maximum strain point is well-known in literature 

for TPE based sensors and it is usually attributed to the time 

constants of elastomeric rearrangements happening at 

microscopic level [28,39]. 

Fig.3b displays a test run for 500 cycles keeping constant the 

measurement parameters. The plot shows a decrease of about 

10% in the peak value at the end of the test, demonstrating a 

good stability of the device under stress conditions. Moreover, 

if R and not absolute values are considered, the error goes 

down to 6-7%. While other types of strain gauge technologies 

can achieve better results in term of stability [34, 36], these 

values are in line with TPE/TPU based sensors [32] and are 

good enough to comply with the integrability of these devices 

in real applications (i.e. wearable electronics) since these 

changes can be managed easily with a proper circuit design. 

The contribution of elastomeric time constants can be observed 

more clearly in Fig.3c, where SAE is strained at different speeds. 

In fact, while the resistance at maximum strain is similar for all 

the speeds, the resistance changes visibly at rest position, 

because in this condition relaxation phenomena can happen 

more freely. This effect is more clearly observed in Fig. 3d. In 

this test the sensor is stretched up to 20% strain and left in static 

conditions for 60s. Then, it is relaxed down to 0% and left at 

rest for other 60s. It can be noticed how the value at max strain 

 
a) 

 
b) 

 
c) 

 
d)  

 
Fig. 3. (a) Measured resistance over 10 stress/relax cycles for a strain 
of 20% and a speed of 1 mm/sec for the sensor without pre-strain. (b) 
Sensor response for 500 stress/relax cycles at 20%, where 10% of drift 
in the resistance can be appreciated. (c) Response of SAE to different 
stretching speeds. (d) Response of SAE to static strain over a 
stretch/relax time of 60 s. 
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is very stable while the value at 0% strain tends to decrease with 

a time constant in the order of tenths of seconds. 

We calculated the performance of the devices in terms of the 

gauge factor (GF) as in Eq.1, fitting the data of Fig. 2 as a 

combination of two linear components, obtaining values of the 

GF up to 8 SAE for and 70 for SPS. 

 

 𝐺𝐹 =  
𝑅

𝑅⁄

𝑙
𝑙⁄
  (Eq.1) 

 

These numbers are not particularly high compared to other 

works in literature where sensors with GF in the range of 

hundreds or thousands have been realized [29-36], but we 

designed these devices to optimize the overall performance of 

the sensor in terms of material cost, fabrication process cost and 

scalability, reproducibility, resistance value, circuit design, 

stability, strain range and GF, considering their integration on 

wearable applications more than maximizing the sensitivity of 

the sensor itself. In fact, even if it’s possible to enhance greatly 

the gauge factor of the sensor pre-conditioning the strain gauge 

with many cycles of stretch-relax, this has two important side-

effects: 1) it causes the material to have a mechanical residual 

stress that causes drift of resistivity and variability of the 

performance even over short time (see Fig.4) and 2) it increases 

dramatically the production time and costs.  

 

B. Pre-strained material 

We decided to compare the performances of the sensors 

without any mechanical treatment with the those that undergo a 

pre-strain. 

At first, the wire has been stretched with increasing 

intensities to identify the pre-plastic regime, detected at about 

400 % of the initial length. Then, 500 cycles have been imposed 

on the devices at 1mm/s in order the stabilize the polymeric 

blend. Finally, the elongated wire has been cut again in pieces 

of the same length of the unstrained ones. The result of the 

comparison is shown in Fig.2. The most remarkable effect of 

the pre-strain process is the inversion of the trend of the 

resistance as function of the elongation, from “negative strain 

effect” to “positive strain effect” (more details in the paragraph 

“C – Positive vs negative strain effect”). 

It has to be noted that the inversion of the resistance curve is 

not the only effect of the pre-strain. In fact, comparing the 

resistance value in the two cases, the pre-strained sensor has a 

resistance more than 1 order of magnitude higher than the non-

pre-strained one. Such huge difference is due to the intrinsic 

non-linear response typical of this kind of elastomeric blends. 

In fact, such trend is noticeable in all the characteristic curves 

and is even more remarkable for higher strain, causing the 

device to work in resistance ranges as high as hundreds of M 

to few G. 

This aspect needs two different considerations: from one 

hand, the pre-strained sensor gains in terms of GF. In fact, 

applying Eq.1, the gauge factor of pre-strained devices is about 

70, considerably higher than non-pre-strained devices (8). From 

the other hand, designing circuits that works with very high 

resistances is difficult because of matching problems and noise. 

Another important aspect about pre-conditioned devices is 

shown in Fig.4. Pre-strain tends to leave residual stress in the 

material. This causes variations in cycle-to-cycle sensor 

response that can be significative and, hence, detrimental to its 

circuit integration. Even if this effect can be drastically reduced 

tuning finely the pre-strain level and increasing the number of 

cycles, this causes the process to be even more time consuming 

and not very suitable for an industrial and scalable approach. 

 
 

C. Positive vs negative strain effect 

The sensing mechanism at the base of CTPE devices involve 

the formation of a percolation network between the conductive 

nano-particles and the elastomeric matrix. When strained, the 

device undergoes a volumetric change that affects the distance 

and the contact area among the particles and, macroscopically, 

the electrical resistance. The way this volumetric change 

happens and the way the particles rearrange in the device 

depends on many elements such as the filler size, shape and 

density, the shape of the device, the elastic constant, the 

relaxation time constants, etc. [37,38]. The precise phenomena 

are hard to investigate and are still object of study in the 

scientific community, but an in-depth explanation of the 

mechanics principles can be found in [39].  

Based on the properties of the extruded material in terms of the 

nanofiller shape, density and distribution and on the 

experimental data collected it is possible to assume three 

different electrical configurations: in initial conditions (Fig.5a) 

the conductive nanoparticles (blue) are distributed in the 

polymeric matrix and the current path (black) is well 

established. For low levels of strain, the distance among the 

particles on wire axis increases while the one on the radius 

direction decreases. If the elastic response of the polymer is 

anisotropic along the two axis it can happen that the mechanic 

deformation has a bigger effect on the radius axis (See Fig.1b 

in [39]). This effect, together with a high concentration of 

conductive nanoparticles, makes possible a current path 

rearrangement that results, macroscopically, in a decrease of the 

resistance (Fig.5b). Necessarily, for high levels of strain, the 

distance of the particles along the current path increases, finally 

resulting in a resistance increase (Fig.5c). 

 

 
Fig. 4.  Resistance variation of pre-strained sensors over consecutive 
cycles. A very large drift in the rest value is visible even for a short 
amount of cycles. 
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IV. SMART WRISTBAND FABRICATION 

To demonstrate the applicability of these kind of devices in real 

applications we designed and fabricated a smart cloth wristband 

prototype. In fact, such applications fit very well with all the 

discussed properties of these sensors in terms of size, shape, 

sensitivity, mechanical deformation range and electrical 

resistance range. 

We designed a simple electronic board based on an Arduino 

Nano 33 IoT, that is used for both data acquisition (12-bit ADC) 

and transmission (Bluetooth/WiFi). The power is provided 

through a low-noise voltage regulator by a 500 mAh, 3.7 V Li-

Po battery. 

The acquisition chain is depicted in Fig.6a: the sensor is 

arranged in a voltage divider configuration where the constant 

resistor is set to approximately the same value of R0 to 

maximize the dynamics. The generated signal is fed through a 

decoupling buffer, a low-pass filter (fCUT-OFF = 100 Hz) and a 

Programmable Gain Amplifier. The gain has been set to 8 for 

the scope of this work. Finally, the data are digitized through 

the ADC channels of the Arduino board and sent through BLE 

protocol to a custom Python software, that manages both 

storage and data analysis. 

The electronic components have been attached to an elastic 

fabric using Velcro tape, even used for locking and unlocking 

the wristband (Fig.6b). The wires connecting the sensors have 

been inserted inside the band fabric and glued at the sensor sides 

to avoid that the wrist deformation occurring when the user is 

using the wristband, move the wire connections instead of 

stretching the sensor. In particular, 3 sensors fabricated using 

as-extruded material have been integrated on the internal side 

of the band, directly in touch with the skin (Fig.6).  

The sensors have been distributed at a distance of 1.5 and 2.5 

cm along the arm axis to cover a more extended area of the 

wrist.  

The system is embedded with a 6-axis IMU (LSM6DS3): in this 

way the band is able to track fine movements of the wrist 

together with wider movements of the arm. On one hand, this 

provides a more valuable dataset. On the other hand, it allows 

to better evaluate the performance of the strain gauges through 

a comparison with or without IMU data. 

 

V. DISCUSSION 

To validate the use of the wristband, we built a dataset 

consisting of 101 repetitions for 14 different gestures, getting a 

dataset of 1414 examples. The selected gestures and typical 

experimental data can be seen in Fig.7a-b. Dataset has been 

built through 10 different acquisition sessions with 10 

repetitions of each gesture performed for each session. At the 

end of each session the wristband has been removed and worn 

again. This procedure has been performed to ensure enough 

robustness in the processed results, being the device fabricated 

on elastic fabric and slight differences on how much the band is 

stretched and how it is positioned are unavoidable.  

The tests have been conceived to build a classifier able to 

recognize the different hand gestures by the data registered by 

the wristband. 

 

 

 
Fig. 5.  Elastic rearrangement phases in the sensor material during 
applied strain in material with high conductive filler densities and 
anisotropic elastic behavior. Highlighted in orange, the contact area: a 
bigger contact area implies a lower resistance path among conductive 
particles. 

 
 

a) 

 
 

b) 
 

Fig. 6. a) Functional schema of the circuit used for sensor data 
acquisition; b) Picture of the smart wristband from top view and bottom 
view. On the bottom, the detail of the 3 strain gauge devices distributed 
at different lengths to detect the diverse movements of the wrist. 
 

TABLE I 
PERFORMANCE INDICATORS FOR GESTURE RECOGNITION 

Index Strain gauge only Strain gauge + IMU 

Accuracy 0.94326 0.99291 

F1 Score 0.94871 0.99476 

Accuracy and F1 Score for gesture recognition in wristband 
considering the contribute from strain gauges alone and with IMU data. 
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We split the dataset into training and test, to evaluate the 

performance of unseen data. As a classifier, we implemented a 

Convolutional Neural Network (CNN), following the recent 

literature, see for example [40], [42], [43] and [44]. The 

network architecture consists of 16 convolutional layers, 

followed by a deep dense neural network to perform the 

classification. The convolutional layers extract the features 

relevant to the input time series. The dense layers exploit the 

extracted features to classify the hand gestures.  The choice of 

a convolutional neural network is due to its well-known ability 

to capture the temporal relationship in a time series (see [41]). 

The CNN network returns in output a probability for each hand 

gesture, given the sensors' time series in input. The gesture 

receiving the highest probability is the predicted gesture. 

We built two different datasets: one containing only the time 

series relative to the as-fabricated strain gauge sensors, and the 

other containing the ones relative to all the sensors (strain 

gauges + IMU). For each sensor and each repetition of every 

hand gesture, we tested in cross validation different lengths for 

the time series, and the best values turned out to be 50.  To train 

the network, we minimized the categorical cross-entropy loss, 

and employed the ADAM algorithm with learning rate 0.001, 

maximum number of epochs equal to 1000, and an early 

stopping patience set to 20.  The network has impressive 

performance on the test set, especially when all the sensors, 

both strain gauges and IMU, are concatenated. To evaluate the 

model, we use the accuracy (the percentage of correctly 

predicted data) and the F1 score (harmonic mean of precision 

and recall). The two metrics are between 0 and 1, and a higher 

value implies better performance. 

 

 

In Table 1 we report the two metrics on the test set, both when 

only strain gauge sensors are included, and when all the sensors 

are considered. Combining all the sensors leads to very high 

accuracy and F1 score, showing the effectiveness of the 

approach. To better appreciate the results, we report also the 

confusion matrix on the test set for the dataset containing only 

the strain gauge sensors and the one with all the sensors 

concatenated in figures Fig.8a and Fig.8b respectively. 

As we can see, when only the strain gauge sensors are used, the 

method misclassifies 13 gestures out of 280, and the largest 

number of errors is when gesture 5 is executed, and it is 

confused with gesture 12. When all the sensors are 

concatenated, the method misclassifies only once gesture 4, 

interpreting it as gesture 8. The performance is impressive, 

considering also how similar some of the gestures are (see for 

example gestures 11, 12 and 13 that are very similar).    

 

VI. CONCLUSIONS 

In this work we fabricated and characterized CTPE based 

strain gauge sensors. The polymer blend has been optimized to 

produce sensors with an electrical resistance in the order of 

tenths of kOhm to be easily integrated in electronic circuits. We 

compared the performance of pre-conditioned and not pre-

 
a) 
 

 
b) 

Fig. 7.  a) Set of gestures that have been used to train the convolutional 
neural network; b) normalized strain gauge data relative to one sample 
acquisition of gesture 6 (left) and 8 (right) 

 
a) 

 
b) 
 

Fig. 8.  Comparison between the confusion matrix for the gesture 
recognition when only strain gauge sensors are considered (a) and 
when all the sensors (strain gauge + IMU) are considered. 



8  IEEE SENSORS JOURNAL, VOL. XX, NO. XX, MONTH X, XXXX 

 

conditioned devices, demonstrating how the latter, thanks to 

both its mechanical stability and shorter fabrication time can 

represent an ideal solution to realize wearable electronics 

applications where small variations (5÷20%) need to be 

detected with precision. Finally, we validated our approach 

designing and fabricating a cloth-based smart wristband 

implementing such sensors and commercial electronics for data 

acquisition and transmission, demonstrating our capability to 

distinguish up to 14 different gestures with a state-of-art 

accuracy of 94% using only strain gauges data and 99% 

considering IMU sensors. These results are particularly relevant 

when compared to similar works in literature considering that 

we used only 3 sensors without a dedicated study to the 

optimization of the size, the number and the position of the 

sensor themselves. In fact, even if F-Score and accuracies can 

be on comparable levels, these results often come at the cost of 

adopting invasive solutions [45-47], a large number of sensors 

[45] or recognizing a very limited set of gestures [48-50]. These 

considerations let us estimate that the obtained results just 

scratch the real potential of an appealing technology for studies 

and applications related to human body movement analysis 

such as gesture recognition, gait analysis, motion tracking, etc. 
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