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Floor-based sensing systems to monitor human activities and identify users are essential for smart homes and
intelligent buildings. A low-cost, easy-to-fabricate, and flexible gait sensor system based on triboelectric nano-
generator (TENG) is presented in this paper, which can transform gait movements, even in the low-frequency
form, into electrical impulses without an external power source. To realize this, a TENG-based gait sensor
unit with an optimized structure design is proposed to enhance the sensing sensitivity. A sensing insole module is
formed by arranging the sensor units according to the foot pressure distribution. The sensor distribution is then
explored and improved by comparative studies of gait recognition performance, which increases the recognition
efficiency and the possible application in edge computing scenarios. Furthermore, a deep learning network is
developed based on long short-term memory (LSTM) and residual units to extract deep features from multi-
channel time-series gait data to boost recognition performance. Experimental results demonstrate that the pro-
posed gait sensor system can be utilized for human activity recognition and user identification with accuracies of
97.9 % and 99.4 %, respectively. Finally, a gait-sensing-based fitness exercise monitoring system is constructed
that can estimate calorie expenditure and distinguish between standard and non-standard fitness activities with
an accuracy of 97.2 %. This work can be extended to various application scenarios such as security surveillance,
health monitoring, and intelligent control, which provides a new ubiquitous self-powered sensing solution for the
Internet of Things (IoT).

1. Introduction as a camera and laser sensor, but it violates privacy and is easily blocked

by environmental disturbance, and is hard for continuous measurement.

The Internet of Things (IoT) and intelligent buildings have received
massive interest with the fast developments of sensing and computing
technologies [1]. Human gait data have plentiful information and
unique biometric features for activity recognition and user identifica-
tion, which empower vital capabilities such as security surveillance,
health monitoring, and daily entertainment in intelligent home systems.
There are various gait sensing techniques and systems. The optical-based
gait sensing system is widely used with abundant gait features [2], such
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The wearable system, such as an accelerometer or a gyroscope, is an
alternative solution to solve these problems. However, the data collected
from them is not enough and accurate for gait recognition, and it is
sometimes not easy and comfortable to wear on the body [3,4]. The
floor-based system is durable against environmental factors and helps
protect privacy, while it can capture gait data without affecting daily
activities because of its inconspicuous form [5]. With numerous sensing
devices constructing a sensing array, it can detect multiple gait metrics
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for gait analysis and recognition. Still, as a promising gait sensing
technique, the floor-based system remains challenging to develop one
that is not only robust for continuous and user-friendly gait monitoring
but also inexpensive, easy to manufacture, and low energy consumption.

Several transducing mechanisms are widely deployed for floor-based
gait sensor systems, including piezoelectric [6], electromagnetic [7],
electrostatic [8], and triboelectric [9]. Energy supply is one of the most
significant issues. The battery is commonly used, but it is bulky and has
low reliability with high maintenance requirements. Energy harvesting
from motion is a potential approach since it generates and uses electrical
power in reaction to mechanical movement [10]. When a physical
stimulus is applied to a triboelectric nanogenerator (TENG), it is con-
verted into an electrical signal by contact electrification and electro-
static induction. TENG is an effective approach for self-powered sensing
[11,12] and energy harvesting [13] due to its benefits such as high
power density[14], robust electrical production [15], high energy effi-
ciency [16], good flexibility [17], and low cost [18]. The functionality of
TENG as self-powered motion [19-22], pressure [23-25], and vibration
[26-29] sensors has been thoroughly confirmed. Recent research further
highlighs the versatility of TENG in various energy harvesting applica-
tions [30-32] due to its excellent output voltage at a wide bandwidth for
transforming mechanical power into electricity. Since the development
of TENG sensors by Wang in 2012 [33], numerous research groups have
explored their potential in wearable systems and gait sensing devices
[34]. Early efforts in TENG-based gait sensors, such as the work by Lin
et al. [35] and Han et al. [36], focused on the energy harvesting po-
tential and basic motion sensing capabilities. However, these initial at-
tempts faced several challenges, including wearing discomfort,
vulnerability to environmental disturbances, and limited recognition
accuracy. Later advancements, as demonstrated by the research of
Zhang et al. [37] and Zhang et al. [38], sought to improve these limi-
tations by integrating flexible textile materials, developing more so-
phisticated data processing methods, and incorporating machine
learning techniques for enhanced recognition accuracy. Despite these
advancements in wearable TENG-based systems and gait-sensing de-
vices, several challenges persist. Wearing comfort remains a concern, as
does the sensor’s vulnerability to environmental disturbances. More-
over, there is an ongoing need for efficient data processing methods and
strategies to achieve high recognition accuracy while maintaining low
power consumption.

By addressing these challenges and building upon the work of pre-
vious researchers, our proposed triboelectric gait sensor system aims to
provide a more comfortable, robust, and accurate solution for human
activity recognition and user identification in various applications. The
sensor is designed with copper and polytetrafluoroethylene (PTFE) as
triboelectric layers and operates based on the triboelectric effect. To
better process data from the gait sensor array and analyze the temporal
information, an improved deep learning network has been developed,
which is called the deep residual dense bidirectional long short-term
memory network (Residual Dense-BiLSTM). The experimental findings
demonstrate that our system can successfully recognize 5-class human
activities with 97.9 % accuracy and identify 8-class users with 99.4 %
accuracy. The system also serves as a fitness exercise monitoring system
that can distinguish between standard and non-standard fitness activ-
ities with an accuracy of 97.2 %. Furthermore, a single TENG-based
sensor unit can produce approximately 80 V output voltage and
maximum output power of 10.58 pW during random low-frequency gait
movements (around 1-2 Hz). It allows continuous energy harvesting in
the massive deployment scenario. In real large-scale deployment sce-
narios with a perfect power management circuit, it is calculated that
energy from gait movements can be utilized for signal acquisition and
gait recognition. The system has the merit of low cost, high durability,
unintrusive, and can protect privacy security while measuring gait sig-
nals. The functionalities and benefits mentioned above of the TENG-
based gait sensor system make it an attractive candidate for security
and healthcare applications in the fields of intelligent buildings and IoT.
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2. Results and discussion
2.1. TENG-based gait sensor system

A schematic diagram of the TENG-based gait sensor system is
depicted in Fig. 1a. The system is embedded into a carpet, and the users
walk onto it. The gait signal generated by each movement is gathered
and utilized for activity recognition, user identification as well as energy
harvesting. As shown in Fig. 1b and c, one of the contact surfaces is made
of PTFE with a thin film of copper as an electrode. The other contact
surface is copper foil. A single-layer unit of the sensor is connected and
stacked vertically to formulate a sensor unit and works in the contact
separation mode. Fig. 1d demonstrates the design of the module. The
sensor array is designed and optimized by foot pressure distribution and
experiments. The structure of four sensor units is utilized, where one is
in the front, two in the middle, and one in the end. Fig. le shows a
photograph of a TENG-based sensor integrated into the front of the
sensing insole module as a sensing unit. Through this design, a general
architecture of a triboelectric gait sensor system is conceptualized in
Fig. 1f. The signal acquisition, processing, transmission, and analysis
steps are enhanced by technical advances in self-powered sensing and
energy harvesting, enabling applications for security surveillance,
fitness monitoring, personal healthcare, and smart home scenarios.

2.2. Design and mechanism

As shown in Fig. 2a, the TENG-based gait sensor system comprises
two functional subsystems on the right side, the triboelectric sensing
system and the energy harvesting system, based on the gait sensor unit
located on the left side. The sensing module includes signal acquisition
and pre-processing, data analysis and gait recognition by deep learning
network, and wireless transmission to the user interface. Furthermore,
the subsystem of gait energy harvesting is made of a power management
module with a rectifying circuit for energy conditioning and an energy
storage part. In the large-scale deployment scenario with a perfect
power management circuit, it is calculated that the energy can be sup-
plied for intermittent data acquisition and gait recognition. The user
interface is to view the results and broaden the usage scenarios.

The basic principle of the whole system is to covert human gait into
contact and separation movement of corresponding two triboelectric
layers. Subsequently, it can generate gait signals naturally without any
batter-based sensors and can also provide the energy for data processing
for activity recognition and energy harvesting. The mechanism of elec-
tricity production is shown in Fig. 2b, and the COMSOL simulation of
potential distribution is conducted and illustrated in Fig. 2c. When PTFE
and copper plates come into contact against one another by an applied
force, the transmission of surface charge happens on the surface owing
to the triboelectric effect and electrostatic induction. Specifically, since
the capability to obtain electrons of PTFE is higher than copper from
triboelectric series of materials, the PTFE layer is electrically charged
negatively when in contact with each other. Thus, the potential differ-
ence between the two sides is formed and changed as the two layers
separate. Whilst the periodic force is applied and the external circuit is
connected, the produced electrons move back and forth between two
plates thanks to the triboelectric charges. As a consequence, an alter-
nating current signal is produced. Details in the mechanism and COM-
SOL simulation are demonstrated in Note S1, and the mechanism of the
one-layer sensing unit is shown in Fig. S1.

2.3. Electrical and mechanical characterization

To evaluate the sensor performance, some key parameters such as
sensitivity, measurement range, and stability are characterized on the
experimental platform with a force gauge to measure the applied forces
of the linear motor.

The open-circuit voltage and short-circuit current responses are first
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Fig. 1. System overview of the TENG-based gait sensor system for human activity recognition and user identification. (a) Schematic diagram of the gait sensor
system. (b) Design of a six-layer TENG-based gait sensor. (c) Enlarged view of the sensor. (d) TENG-based smart sensing insole assembled with four gait sensors as a
sensing array. (e) Photograph of a gait sensor integrated in the front of a smart sensing insole. (f) System overview of the gait sensor system.

studied with the force range set as 5 N to 30 N at a consistent frequency
of 1 Hz, as shown in Fig. 3a and b. The open-circuit voltage outputs
remain to stay around 80V when the forces change from 5-30 N
(Fig. 3a). Besides, there is a current output of around 0.25 pA with the
force of 5 N and then keep increasing to the output of around 0.75 pA
with the force of 30 N (Fig. 3b), indicating a decent sensing sensitivity.
The constant voltage can be attributed to the total tribo-charges
generated, which are proportional to the contact area between the two
materials in the TENG sensor. As the force changes, the contact area
remains relatively constant, resulting in a stable voltage output. On the
other hand, when the contact force increases, it leads to more effective
charge separation and faster contact-separation cycles, altering the rate
of charge generation and results in a higher current output. Limitations
in equipment, platform, and sensor monitoring range restricted our test
scope to 30 N. Our sensor has a good rebound and shows decent sensi-
tivity within the 30 N force range, implying that it is optimized for this
specific range. Thus, a support structure is designed for actual human
gait data collection in the gait sensor system to match the measurement
range. Furthermore, the impact of operating frequencies on the sensor’s
output performance is also examined. Fig. 3¢ and Fig. 3d show that the
open-circuit voltage and short-circuit current remain almost the same

with a constant force of 30 N at various working frequencies, which are
around 80 V and 0.75 pA, respectively. It is because the contact duration
between two layers of TENGs is similar when the linear motor is pressing
with the same force at different operating frequencies. Thus, the trans-
mitted charges are relatively constant, and the output stays the same.
To reduce the powerline frequency interference, a Butterworth low-
pass filter is used. The sensor’s output current, with a force of 30 N and a
frequency of 1.5 Hz, is evaluated both with and without the filtering
method. As shown in Fig. 3e, filtering help to decrease signal noise,
which is helpful to the recognition accuracy in later steps. The sensor’s
response time to applied forces is also studied in order to analyze further
the functionality of the sensor (Fig. 3f). The sensor was fixed, and the
linear motor was in contact with the sensor to apply and remove the
pressing force. The response time was measured as the interval between
the force change and the corresponding open-circuit voltage change.
The open-circuit voltage reveals a response time of less than 21 ms,
identifying fast responses to an external force. The robustness of the
sensor was evaluated by placing and removing a force a total of 3000
times. The open-circuit voltage and short-circuit current are shown in
Fig. 3 g and h, which reflect the sensor’s long-term stability and reli-
ability. It is worth noting that the natural resilience of the zigzag
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Fig. 2. Gait sensor system architecture and sensor working mechanism. (a) System architecture. (b) Schematic illustration of the working mechanism of a six-layer
gait sensor. (c) Simulation results for the mechanism of potential distribution when two triboelectric layers are compressed in different levels.

structure is not perfect. Consequently, as the force is applied fast and
periodically and sometimes the sensor does not recover and separate
completely, resulting in the asymmetric current signal.

Furthermore, the energy harvesting performance is demonstrated
when charging resistors, including the peak values of voltage, current,
and power at various loads. As shown in Fig. 3i and j, the maximum
voltage increased as the resistance raised, while the current across the
load exhibited the inverse trend. At a load resistance of 0.05 GQ, the
maximum output power of 10.58 pW is achieved. The power density can
be boosted further by adding more layers to the TENG-based unit. Be-
sides, three capacitors with values of 0.22, 0.47, and 1 pF were used as
energy storage elements in the power conditioning circuit, which is
chosen by balancing energy storage requirements, charging time, and
other real application considerations. A rectifying circuit is imple-
mented as a power conditioning circuit to convert the AC generated by
the TENG-based unit into DC using diodes, ensuring a stable and
continuous power supply for the electronic components in the system.
The rectifying circuit is connected with the energy storage component to
store the harvesting energy into different capacitors. Fig. 3k illustrates
the results of charging multiple capacitors. The average power of the
data acquisition chip for the sensor system is 535 mW, with the voltage
and average current input as 5V and 107 mA. A piece of intelligent
carpet is 50 cm x 50 cm and consists of two sensing insole modules with
eight sensor units. In real application scenarios such as a building lobby
or corridor, assume it has a perfect power management circuit, and 128
pieces of carpets are laid in 32 m? ground. In a relatively high flow of
people situation where every second a person passes each carpet, it is
calculated that the energy harvesting module can power one gait sensing
process every 50 s

To conclude, the sensor shows good sensitivity, rapid response time,

and great stability, which demonstrate its usefulness for gait measure-
ment. Since the current output can show a good response to different
applied forces, it is utilized as a key signal in data acquisition for the
system instead of voltage output. At the same time, it can harvest power
from the gait movements and store the energy in capacitors.

2.4. Optimization of sensing module

To improve the sensor design, the influence of the sensing layer on
the performance of the sensor is first evaluated. A sensing layer unit
stands for a single TENG-based sensing unit with one piece of copper and
PTFE layer and can work in contact separation mode independently. As
Fig. 4g shows, the sensors are fabricated by three to six units of sensing
layers, respectively. The detailed fabrication process is stated in the
method section. The linear motor is used to simulate the individual
stepping with different speeds and acceleration on the sensor. The
experimental results are presented in Fig. 4a, b, and c. The original
sensor response of a =3 m/s?> and v =0.2m/s, a =5m/s> and v
=0.2m/s, as well as a =5 m/s®> and v = 0.4 m/s with three to six
sensing layers are shown in Fig. 4a, b, and c separately. The Fig. 4a and b
is to explore how the difference of acceleration effect the sensing per-
formance, and the Fig. 4b, and c is to explore how the difference of
velocity affects the sensing performance. The open-circuit voltage out-
puts of the 6-layer and 5-layer sensors increase as the acceleration and
velocity increase, while the 4-layer and 3-layer sensors remain almost
the same. The increased voltage output can be attributed to the
enhanced mechanical deformation of the TENG layers caused by the
higher acceleration and velocity. This enhanced mechanical deforma-
tion leads to better contact and separation between the layers, resulting
in more efficient charge transfer and increased voltage output. This
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Fig. 3. Electrical and mechanical characterization of the gait sensor. (a) Open-circuit voltage and (b) Short-circuit current at various applied forces. (c) Voltage
output and (d) Current output of the sensor at various pressing frequencies. (e) Comparison of the output signals with and without filtering. (f) Time response of the
voltage in one cycle (external force of 30 N applied and released: on and off). (g) Open-circuit voltage and (h) short-circuit current to test the mechanical durability
characterization of the TENG-based sensor in ~ 3000 continuous working cycles with the force of 30 N. (i) Voltage and current of different resistance loads. (j) Peak
power of different resistance loads on the performance of energy harvesting. (k) Voltage of charging different capacitors.

effect is more pronounced in the 6-layer and 5-layer sensors due to the
increased number of layers providing more opportunities for contact and
separation compared to the 4-layer and 3-layer sensors, which better
helps distinguish different gait movements in further analysis. The fig-
ures show that all of the sensors can generate relatively consistent out-
puts. They show similar rapid responses to the start and end of the
motion, which means they have a similar sensitivity. The sensor with six
sensing layers produces the highest voltage output so that it can have a
better signal amplitude and resolution than others. Besides, the energy
harvesting performance will also be better. To balance the thickness of
the sensor and the performance, sensors with more than six sensing
layers are not considered. Thus, the sensor with six sensing layers is
chosen as the major sensing device in the TENG-based gait sensor
system.

The TENG-based gait sensor system is made up of a series of sensing
insole modules, which are evenly distributed on the carpet in reference
to human stride size. To better measure gait signals, the exploration of
insole design is conducted. Based on the research on the distribution of
pressure density and the spatial gait factors, the front and end of the
sensing insole are implemented with some sensor units. To further
measure gait signals and harvest energy, additional sensor units are
placed in the middle of sensing insoles. For the insole with six sensors,
there are three sensing groups separately put on the front, middle, and
end of the insole to locate and monitor each part of the foot pressure
(Fig. 4h (i)). Each sensing group contains two parallel sensor units. For
the insole with four sensors, the front and back sensing groups are
reduced by one sensor each (Fig. 4h (ii)). Specifically, two sensors are
located at the front and end of the insole to maintain performance. The
two sensors from the middle group are retained. For the insole with two
sensors, the middle group is removed with two sensors eliminated
(Fig. 4 h (iii)). Fig. 4d, e, and f illustrate the sample current outputs of

walking simulation in three sensing insoles with six, four, and two
channels, separately. The data is pre-processed, and a simple LSTM
model is utilized to evaluate the insoles by classifying different activ-
ities. The model results are demonstrated in Fig. 4i. The accuracy comes
down, and the model size gets small when the number of channels de-
creases, which is because the information collected is reduced and the
number of model parameters is decreased. However, the difference in
accuracy and model size among different models are small, while the
processing time of the 4-channel model is the minimum. To ensure the
possibility of edge computing and large-scale deployment, a sensing
insole with four sensor units is chosen for the gait sensor system.

2.5. Experiments and signal acquisition

The TENG-based gait sensor system consists of two sensing insole
modules, each with four sensors. These modules are incorporated into
the modular square carpet and measured by a portable data acquisition
system (Fig. 5b). To accurately capture human gait patterns, the distance
between the sensing insole modules is determined based on the standard
gait model parameters and the convenience for real deployment sce-
narios, where the design stride length and step width are 100 cm and
10 cm, respectively. The sensing insole modules are evenly distributed
on the carpet concerning these dimensions, ensuring accurate mea-
surement of gait signals for various users. The data-acquisition circuit
integrates the functions of data collection, data pre-processing, and
wireless communication and has the advantages of being portable,
lightweight, and low power consumption. The schematic diagram of the
printed circuit board (PCB) is illustrated in Figs. S2 and S3, and the
components and bills of materials are listed in Table S2. Users press on
the sensing insole modules while walking and doing fitness exercises on
the smart carpet, as illustrated in Fig. 5a. The system collects the gait
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signal of five stepping activities, including standing, walking, jogging,
running, and jumping, for human activity recognition. It also collects
eight users’ walking data for user identification. Fig. 5Sc illustrates an
example of 8-channel current output for various users stepping on the
sensors. The database includes a combination of eight users, and each
user does five different activities separately, resulting in a total of 40
categories of data. For activity recognition, we combined the same ac-
tion data for all 8 individuals and trained the deep learning network on
this aggregated dataset. In contrast, for user identification, we only used
walking data from each person separately and trained the network
because the identity features are not obvious for standing and jogging or
difficult to obtain accurately for the running and jumping activities.
Each person’s walking stride is unique, and the signal properties of
various activities are diverse, providing special features for gait
recognition.

The data acquisition and processing flow of the gait sensor system
are demonstrated in Fig. 5e. The 8-channel current signals are wirelessly
sent to the computer and then pre-processed by three steps, which are

stated in Note S2. Then, two separate deep learning networks are trained
with labelled datasets and validated in the test dataset. A mobile app is
designed as a user interface for users to receive and view the data from
the gait sensor system, as illustrated in Fig. 5d. It is built on the Blynk IoT
platform, an integrated IoT framework for developing and managing
linked devices. It consists of three parts. The top part presents the signal
from one of the two insole models. Each graph only shows one channel
from the sensing insole due to the limited space where the front sensor is
selected. The real-time sensing signal will be displayed in both graphs to
monitor the system. The text information, such as classification results
trained with the deep learning network, is described in the middle part.
The bottom part shows pictures, such as the icons for various users and
activities, to view the results more directly.

2.6. Design and demonstration of the system in gait recognition
applications

A deep learning network called Residual Dense-BiLSTM is designed
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Fig. 5. Experiments and evaluation of the gait sensor system. (a) Optical image of a user walking and doing fitness exercises on the system. (b) Image of a data
acquisition system for portable data collection and wireless communication. (c) Sample eight-channel current output signals of eight different users collected by our
system. (d) Mobile App for monitoring signals and viewing results. (e) Data flow of the gait sensor system for activity recognition and user identification.

and used for floor-based gait recognition, whose system diagram is
shown in Fig. 6a. Its multilayer stacking structure help solve the multi-
class time series gait recognition problem. The implementation detail is
stated in the method section.

Fig. 6b and Fig. 6¢ depict the training of the deep learning algorithm
for activity recognition. The results show that the proposed model can
reach good classification accuracy and robustness as the training and
testing accuracy and loss function converge. Following 500 training it-
erations, the confusion matrix between predicted and true labels in the
test dataset is displayed in Fig. 6f. With a prediction accuracy of up to

97.9 %, the TENG-based gait sensor system is able to distinguish be-
tween a variety of activities. For user identification, the number of
classes in the last layer of the model is altered from six to eight, and the
rest of the training procedure is the same as described previously. Ac-
curacy in both training and testing, as well as the loss function, converge
as seen in Fig. 6d and e. After 500 epochs, the Fig. 6g confusion map
shows that the model is able to attain a 99.4 % recognition rate.
Compared to our previous work[12], here, a portable data acquisition
chip is designed and used instead of an NI module as a centralized data
acquisition system, which increases flexibility and decreases the cost of
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Fig. 6. Recognition model and results of the gait sensor system. (a) Proposed Residual Dense-BiLSTM network architecture for gait recognition. (b) Accuracy and (c)
loss of the model training results for deep learning network monitoring. (d) Accuracy and (e) loss of the model training results for user identification. (f) Confusion
matrix on the test dataset of deep learning network monitoring on five activities. (g) Confusion matrix on the test dataset of user identification on eight users.

large-scale wireless deployment. The parameters for data pre-processing
and classifying algorithms are also finetuned. Because of the improve-
ment in signal acquisition and analyzing methods, the data character-
istics are a bit different, which leads to varied testing accuracies. The
accuracy of user identification increases from 97.6 % to 99.4 %, while
the accuracy of activity recognition decreases from 98.3 % to 97.9 %. In
all, it illustrates a relatively higher performance than the previous
floor-based gait sensor system, as Table S1 presents. The result reveals
that the system can recognize human activities (see the Video S1) and
identify users (see the Video S2) correspondingly.

Supplementary material related to this article can be found online at
doi:10.1016/j.nanoen.2023.108473.

Supplementary material related to this article can be found online at
doi:10.1016/j.nanoen.2023.108473.

Based on these, a fitness exercise recognition and monitoring system
is built. Three fitness exercise activities (crunch, side crunch, and v-up)
are used to validate the system performance. Data from those three ac-
tivities are collected with a standard action and a non-standard action
(only half the range of motion) separately. The model of three class
standard activities is trained, and the test accuracy is 99.6 %. The three-
class non-standard activities are considered as another three-class data
to train a new model with six class data in total. Its testing accuracy is
97.2 %. The confusion matrixes are illustrated in Fig. S4. If the action is
standard, according to the formula from Note S4 and the weight of the
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user, the system can also estimate calories burned by counting the
number of peaks. The fitness exercise application demo is shown in
Video S3.

Supplementary material related to this article can be found online at
doi:10.1016/j.nanoen.2023.108473.

3. Conclusion

In summary, a TENG-based gait sensor system is proposed, and an
improved deep learning network is designed for multichannel gait
recognition. The TENG-based sensor unit is designed, and the structure
is improved to achieve better sensing resolution. Furthermore, the
sensing array is built from the foot pressure model, and the sensor dis-
tribution is optimized to reach higher sensing efficiency. Meanwhile, the
algorithm contains LSTM and residual network allows the system to dig
more time series information from gait data. The system performs well
in recognizing activities and identifying users, with accuracies of 97.9 %
and 99.4 %, respectively. A fitness exercise monitoring system is also
designed, and it can discriminate between various standard and non-
standard fitness activities with a 97.2 % accuracy and estimate calorie
expenditure, which broadens the health monitoring applications of the
self-powered sensor. It can also function as an energy harvester, as
shown by the charging of various load resistances and capacitors. The
TENG-based gait sensor system can recognize gait movements with high
accuracy and is appropriate for large-scale deployment and mass pro-
duction. It is inexpensive, and simple to manufacture, which offers a
wide variety of applications in security surveillance, health monitoring,
and intelligent control.

4. Methods
4.1. Fabrication of the TENG-based gait sensor

The substrate is a piece of Kapton film with a size measuring 3.0 by
5.0 centimeters and 150 micrometers in thickness. By applying uniform
deformations, the Kapton film is bent into a zigzag pattern. Both sides of
the Kapton film can be used with TENG-based operating units owing to
the zigzag design. Thin film PTFE and copper foil make up the front/
contact electrode. Another thin copper film is applied as the backside
electrode on the other side. In particular, the front electrode of each
layer is constructed by adhering 60 micrometers of copper to the sub-
strate using 1-millimeter thick 3 M foam tapes. Next, the surface of the
copper on the other side is left exposed while a thin PTFE layer adheres
over it. A copper foil is taped to the backside to form the backside
electrode. The parallel connections between the various levels are made
using copper cables. A striped Kapton surrounds the single TENG-based
sensor, compacting the zigzagging layered structure and fastening it
together. It can harvest power from both pushing and twisting, thanks to
its flexibility and moderate rigidity.

4.2. Characterization and measurement

An experimental platform with a linear motor is built for sensor
characterization and exploration of the sensing insole. It can provide
different accelerations and velocities to simulate situations for users
with various weights and velocities when stepping onto it. It is also used
to simulate different kinds of stepping activities, such as standing,
walking, and running. The sensor performance is evaluated by voltage
and current output and measured by a Keithley 6514 electrometer. A NI
c¢DAQ-9174 chassis is utilized to collect the multichannel signal data for
the sensing insole and the whole gait sensor system. When collecting
data on people actually walking through, a 10 MQ resistance is wired in
series with each sensor to prevent damage to the device and provide a
stable signal. The display of the characterization and measurement
system is built-in LabVIEW. Furthermore, a portable data acquisition
chip is designed to collect and transmit data wirelessly for practical
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application scenarios and large-scale deployments.

4.3. Deep learning network and training process

The Residual Dense-BiLSTM model first integrates multiple LSTM
(long short-term memory) layers to collect more temporal information,
including BiLSTM [39] and Residual BiLSTM [40], where residual ar-
chitecture help overcome the issue of gradients vanishing. Then, several
fully connected layers are stacked to enhance feature propagation [41].

There are a series of functional layers in the model. Because the
system records a time series of data from many gait channels, it is
essential that the training data be prepared in accordance with the
LSTM’s requirements for both the training and evaluation process. In
order to accommodate the LSTM, the model first turns the eight separate
1-D time series data into a 3-D structure. It combines the information
and setup of the total number of sensor channels, batch sizes, and
memory steps. The next layer, called the bidirectional input layer, is
made up of 32 neurons. These neurons learn from the information in the
preceding layers. Additionally, the model includes a stack of two re-
sidual BiLSTM layers to account for a deeper temporal dependency when
forecasting the subsequent value. Two dense layers with 16 and 8 neu-
rons were employed as the fully connected and output layers to help
categorize features. Moreover, the SoftMax function is used to manage
the multi-class classifying problem. To avoid overfitting and boost
network generalization, LSTM networks include a dropout component
with probability. The algorithm is implemented with Pytorch [42] in
Python and trained offline on a GeForce RTX 3090 GPU running on an
Ubuntu server using an Adam optimizer set to a learning rate of 0.0015.
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