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ABSTRACT: Fabrication of human-like intelligent tactile sensors is
an intriguing challenge for developing human−machine interfaces. As
inspired by somatosensory signal generation and neuroplasticitybased signal processing, intelligent neuromorphic tactile sensors with
learning and memory based on the principle of a triboelectric
nanogenerator are demonstrated. The tactile sensors can actively
produce signals with various amplitudes on the basis of the history of
pressure stimulations because of their capacity to mimic neuromorphic functions of synaptic potentiation and memory. The time
over which these tactile sensors can retain the memorized
information is alterable, enabling cascaded devices to have a multilevel forgetting process and to memorize a rich
amount of information. Furthermore, smart ﬁngers by using the tactile sensors are constructed to record a rich amount of
information related to the ﬁngers’ current actions and previous actions. This intelligent active tactile sensor can be used as
a functional element for artiﬁcial intelligence.
KEYWORDS: intelligent tactile sensor, neuroplasticity, learning, memory, triboelectric nanogenerator, graphene
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Biologically, aﬀerent neurons transmit messages received
from mechanoreceptors to the somatosensory cortex, and the
human brain processes these multidimensional signals through
an energy-eﬃcient and fault-tolerant computation process
(Figure 1a).16 Thus, humans tend to remember frequent
mechanical stimulations and establish a sensory memory,
short-term memory (STM), and long-term memory (LTM), as
well as reﬂexes responding to these stimulations.17 Neuroplasticity, the ability of the brain to change throughout an
individual’s life, plays a key role in information processes,18
which has driven the emergence of neuromorphic circuits,
including artiﬁcial synapses, artiﬁcial neurons, and artiﬁcial
neural networks.19−28 Particularly, an artiﬁcial nociceptor
based on a diﬀusive memristor can functionally mimic the
intelligent communication between a human nociceptor and
nerve centers, including “threshold”, “relaxation”, “no
adaptation”, “sensitization”, and “cure”.29 Additionally, electrical connections between tactile sensors and neuromorphic

lectronic sensors that are able to emulate biological
sensory-perception systems are highly attractive due to
the intense worldwide interests in artiﬁcial intelligence.1−3 Because tactile sense undertakes the majority of
information perceived for learning and memory, electronic
tactile sensors mimicking mechanoreceptors have been
intensively studied.4−7 Current electronic tactile sensors have
several interesting features, such as mechanical ﬂexibility,
device scalability, and fundamental interfacial mechanics and
chemistries.8−11 Especially, in eﬀorts to limit power consumption, nanogenerator-based self-powered techniques having been emerging as a focus in research with applications to
widely distributed tactile sensors.12−15 However, the currently
developed electronic tactile sensors mostly have a single
function, which is the simple transduction of external pressure
into electrical signals, so they cannot meet the demand for
intelligent information preprocessing when applied in artiﬁcial
intelligent systems. Therefore, the development of an
electronic tactile sensor, such as a human mechanoreceptor
system, that can communicate with nerve centers to realize
“intelligent” sensing is still an intriguing challenge and remains
an open area in research on electronic tactile sensors.
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Figure 1. Artiﬁcial tactile sensor in comparison with a tactile receptor and the related aﬀerent nerve system. (a) Schematic of a tactile
receptor and the related aﬀerent nerve system. Pressures applied to mechanoreceptors change the receptor potential of each
mechanoreceptor. The aﬀerent neurons transmit messages received from the mechanoreceptors to the human brain to process these
multidimensional signals. The neuroplasticity in the human cerebral cortex plays a key role in the information process. (b) The intelligent
neuromorphic sensor based on SE-TENG technology can functionally emulate combined mechanoreceptor and neuromorphic systems. (c)
Schematic of the intelligent neuromorphic sensor and SEM image of the PI:rGO ﬁlm. (d) Schematic structure of the PI:rGO
nanocomposites.

Figure 2. Electrical performances and operation mechanism. (a) Output signal of the intelligent neuromorphic sensor during a single pressrelease process and schematic of a biological action potential. The waveform of the generated voltage is similar to the biological action
potential (top panel). (b) Output voltages of the Al−PI:rGO/Al and the Al−PI/Al devices, respectively. (c) Schematic process showing the
triboelectric electrons transferring from the surface of the PI:rGO to the rGO sheet. (d) Schematic process showing the triboelectric
electrons transferring from the surface traps to the body traps. (e) Charging process by using a capacitor as the load device. Inset is the
schematic diagram of the system.
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increases and ﬁnally reaches a saturated value of ∼5 V after the
42nd press (Figure 2b, top); moreover, the device has reliable
durability as shown in Figure S4. For the device with only a
pure PI layer, a similar phenomenon of increasing output with
increasing press number is also observed (Figure 2b, middle).
However, the ﬁnal output value is much lower, and the output
voltage reaches its saturated value faster.
Of note is that the output voltage is proportional to the
density of the electrons transferred during the triboelectriﬁcation process.33 The increasing output shown by the Al−PI/Al
device is a common phenomenon in TENG-based devices due
to the rough surfaces of the triboelectric layers and the
noncomplete contact between those layers. With increasing
number of contact/release cycles, the static electrons
increasingly accumulate on the PI surface, and the output
voltage increases accordingly (Figure S5). According to the
surface-states model, when a metal is in contact with a
dielectric, those electrons with high energy in the metal hop
into the surface states of the dielectric. Thus, we can refer to
these surface states as surface traps for static electrons. Because
the total number of surface traps in the PI layer is limited, the
ﬁnal saturated electron density is only slightly higher than that
in the initial state, as schematically demonstrated in Figure S6.
For the device with rGO, the rGO sheets can act as electron
traps in the PI layer to promote the charge transfer process
from PI to rGO sheets.38 Thus, the triboelectric electrons on
the surface (surface traps) of the PI:rGO hybrid layer
spontaneously transfer to the rGO sheets (body traps) (Figure
2c). In the ﬁrst contact−separation cycle (ﬁrst training), when
the Al ﬁlm is in contact with the PI:rGO layer, electrons in the
Al ﬁlm hop up into the surface traps of the PI:rGO layer. Then,
the occupied energy levels in the surface trap increase to the
Fermi level of Al, and the triboelectriﬁcation process
stops.39−42 After the separation of the Al ﬁlm from the
PI:rGO layer, most electrons in the surface traps will
subsequently transfer to the body traps.38 Finally, the occupied
energy levels in the surface traps will decrease almost to the
energy levels of the initial state. In the second training, a
similar transfer of electrons from the Al layer to the PI:rGO
layer occurs and the electrons in the surface traps subsequently
transfer to the body traps again. As a result, the total number of
generated triboelectric electrons increases, and the output
voltage is deﬁnitely higher than the initial output voltage. After
enough training, the triboelectric electrons captured in the
PI:rGO layer reach a maximum, and the output voltage
becomes saturated (Figure 2d).
When using a capacitor as the load device, voltage across the
capacitor can directly reﬂect the charge quantity. As schematically shown in Figure 2e, the bipolar output signals of our
device can be rectiﬁed by using a rectiﬁer bridge circuit before
being connected to a capacitor. After the rectiﬁcation of the
output signals, the tactile sensor can be used to charge
capacitors (0.22 μF). As shown in Figure 2e, under a series of
pressures, the capacitor accumulates the charges and is charged
to about 0.7 V gradually. For the fresh device, the ﬁrst press
leads to a low increased voltage (∼0.004 V), which means only
about 0.88 nC charges are stored in the capacitor. As the
number of presses increases, output of the tactile monotonically increases, and the press process causes a relatively large
increased voltage (∼0.06 V) across the capacitor. Thus, about
13.2 nC charges are stored under each press process. These
results further conﬁrm our conclusion that the number of the
transferred static electrons increases with increasing number of

devices have also been proposed for mimicking intelligent
sensing.1,30,31 However, the integration level of the intelligent
sensor network would be limited because the sensors and the
neuromorphic devices are spatially separate. Furthermore, an
external power source is necessary to drive the connected
sensor and neuromorphic devices, which would increase power
consumption of the system.
Functionally inspired by somatosensory signal generation
and neuroplasticity-based signal processes, we demonstrate a
self-powered intelligent tactile sensor with learning ability and
alterable memory. The conﬁguration of our device is
ultrasimple, consisting of a well-designed single-electrodebased triboelectric nanogenerator (SE-TENG) (Figure 1b).
Because of the utilization of nanogenerator technology,32−34
the device can actively produce pressure-triggered electric
signals without the need for an external power supply.
Furthermore, reduced graphene oxides (rGOs) embedded in
the friction layer are employed to act as electron-body traps to
obtain neuroplasticity. Thus, a combined mechanoreceptor
and neuromorphic system can be functionally emulated
without the need for separate neuromorphic circuits.1,30,31
Signals with various amplitudes are generated on the basis of
the history of previous stimulations, and the sensor can
intelligently record two-dimensional information, including
current and previous stimulation information.

RESULTS AND DISCUSSION
A schematic structure of the intelligent neuromorphic sensor is
shown in Figure 1c. The key component is the well-designed
negative triboelectric layer: the polyimide:reduced graphene
oxide (PI:rGO) hybrid layer (Figure 1d, Figures S1 and S2).
The working principle of the SE-TENG is the same as that
reported for a TENG (Figure S3).35 Due to the employment
of TENG technology, our intelligent neuromorphic sensor can
actively generate voltage pulses under mechanical pressure. It
means our intelligent neuromorphic sensor can actively
produce action potentials similar to the biological action
potentials generated by mechanoreceptors. The press-release
cycle produces a voltage signal with a positive component
followed by a negative component (Figure 2a, bottom). The
generated voltage waveform is, to some degree, similar to the
biological action potential (Figure 2a, top).36 It should be
noted that during the vertical contact−separation process, the
duration time Δt of the separation (release) process is longer
than that of the vertical contact (pressure holding) process due
to the use of the arch-shaped structure.37 The voltage (V)
across the resistor (R) can be calculated as
V = I ·R =

ΔQ
·R
Δt

(1)

The total charge (ΔQ) ﬂowing through the load resistor in the
positive direction should be identical to that ﬂowing through
the resistor in the negative direction. Thus, because Δt is
smaller, the positive-polarity voltage across the resistor is
higher than the negative one.
The signiﬁcant feature of the intelligent neuromorphic
sensor is its remarkable output, which increases with increasing
number of presses (Figure 2b). If not otherwise speciﬁed in the
following discussion, the applied pressure is 400 Pa, the
pressure holding time is 0.05 s, and the time intervals between
two successive pressure applications is 0.2 s. For the fresh
device, the ﬁrst press leads to a low output (0.3 V). As the
number of presses is increased, the output monotonically
C
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Figure 3. Characterization of learning ability. (a) Output voltage (EPSP) of the intelligent neuromorphic sensor as a function of the number
of presses. The external pressure causes the tactile sensor to generate an increasing EPSP. (b) Relationship between ΔEPSP and the press
number. The inset shows the details of the ΔEPSP between two EPSP signals. Eﬀects of (c) the time interval, (d) the duration time, and (e)
the pressure on the performance of the intelligent neuromorphic sensor.

saturated EPSP. Note that the integration of individual presses
leads to the ﬁnal outputs, a process that is similar to that of a
biological postsynaptic potential.
The eﬀects of interval time (T), pressure holding time (W),
and pressure (P) of the stimulations on the output performances of our intelligent neuromorphic sensor are investigated.
The T and W were found to play little role in the output
performances (Figure 3c,d). This is because triboelectriﬁcation
only occurs during the momentary contact between the Al and
the PI:rGO layers. Thus, even when pressure is applied with
diﬀerent time intervals and time durations, the total number of
transferred electrons is almost the same. As shown in Figure
3e, increasing the pressure cannot increase the ﬁnal saturated
EPSP. However, the maximum number of presses that leads to
EPSP saturation decreases slightly with increasing pressure.
The reason is that after a sequence of pressure stimulations, the
ﬁnal number of electrons transferred from Al to PI:rGO, which
is critical to the ﬁnal EPSP, is almost the same because the
total number of electron traps in the PI:rGO is constant. As a
result, increasing the pressure cannot increase the ﬁnal EPSP.
However, increasing the pressure can increase the contact area
between the Al and the PI:rGO layers, leading to an increased
number of electrons being transferred during each press/
release cycle. Thus, the device can reach saturation faster.
From the point of bionics, an interesting behavior, similar to
the “learning” behavior of human beings, can be mined in our
intelligent neuromorphic sensor. In other words, the
experiences with previous pressure stimulations are not
ignored; rather they are learned and memorized by the tactile
sensor. Thus, the output of a single tactile sensor contains twodimensional information: (1) the currently generated pulse
indicates that an external pressure is presently being applied to

contact/release cycles. Furthermore, the increasing voltage
across the capacitor indicates that our tactile sensor could be
further used for driving integrate-and-ﬁre spiking neurons.24,28
Neurobiologically, the learning behaviors of human beings
are postulated to be represented by a vastly interconnected
neural network in the brain.43,44 In particular, an excitatory
postsynaptic potential (EPSP) makes the postsynaptic neuron
more likely to ﬁre an action potential. For our device, an
external pressure causes the tactile sensor to generate
increasing voltages, which is similar to the biological EPSP
(Figure 3a). Thus, in the following discussion, we will refer to
the output potential of our tactile sensor as the EPSP. Similar
to the biological postsynaptic potential, the outputs of the
intelligent neuromorphic sensor resulting from a single
pressure stimulation are too small to reach the threshold
(deﬁned as 75% of the ﬁnal saturated voltage) in the initial
state. However, when the tactile sensor receives enough
presses, these activities can cause an increased EPSP. When the
output is suﬃcient, an action potential occurs (Figure 3a). For
the biological postsynaptic potential, when multiple EPSPs
simultaneously occur on a single patch of the postsynaptic
membrane, their combined eﬀect is the sum of the individual
EPSPs.38 Similar to this biological function, when a series of
pressure stimulations is applied to the tactile sensor, the
integration of individual changes in the EPSP (ΔEPSP) leads
to higher outputs. As shown in inset of Figure 3b, the EPSP
diﬀerence between the latter and the former pressure
stimulations is deﬁned as ΔEPSP. When a series of pressure
stimulations is applied, the ΔEPSPs show a positive correlation
with the number of presses, and the maximum ΔEPSP can be
observed at about the 10th press, after which the ΔEPSP
decreases with further increases in the number of presses. The
ΔEPSP tends to zero after the ∼40th press, indicating a
D
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Figure 4. Characterization of the alterable memory performances. (a) Memory retention curve for the INS-I employing a PI:rGO layer as the
negative friction layer. Inset is the schematic of INS-I. (b) Memory retention curve for the INS-I employing PI:rGO/PI stacked layer as the
negative friction layer. The inset shows a schematic of INS-II. The stacked structure in the friction layer can mediate the retention of
memorized information to realize STM and LTM. (c) Schematic of the multistore memory model on the basis of our devices. The measured
memorization proﬁles inspired by the multistore model on the basis of (d) INS-I and (e) INS-II. The yellow dotted lines indicate the decay
of the output voltage. The green arrows indicate the refresh process.

is usually followed by a long, slow decay.48 In biological
systems, STM generally lasts from seconds to tens of minutes,
and LTM lasts from a few hours to days or weeks, sometimes
even to a lifetime.
Based on the diﬀerent memory retentions, we classify the
INS-I and INS-II as the tactile sensors with STM and LTM
characteristics, respectively. In other words, the memory for
our intelligent neuromorphic sensor can be tuned by
modifying the structure of the friction layer. Figure 4c presents
a simpliﬁed illustration of the multistore memory model on the
basis of our intelligent neuromorphic sensor. Frequent pressure
stimulations cause both INS-I and INS-II to memorize
previously applied stimulations. For INS-I, the memory is
lost quickly without repeated stimulations. However, the
device can consolidate its memorized information when highfrequency stimulations are applied. For INS-II, the LTM allows
it to retain memorized information for a relative long time even
without high-frequency refreshment. However, low-frequency
reﬂeshment is also necessay for long-term memory. The
memory behaviors of the two devices are similar to that of the
human memory in that only memories that are of signiﬁcance
(repeated stimulations, training, or study) can be permanently
memorized. The diﬀerent retention properties of the two
devices enable cascaded devices to have a multilevel forgetting
process and to memorize a rich amount of information, which
will be discussed later.
The STM of INS-I lasts tens of minutes, after which a
spontaneous decay of the memorization level is observed
(orange dashed lines in Figure 4d). Then, 10 pressure
stimulations are applied (green arrows in Figure 4d), and the
memory can be sustained by rehearsing the same stimulus at
high frequency. Interestingly, 10 pressure stimulations are

the sensor, and (2) the amplitude of the pulse, to some extent,
reﬂects the history of previously applied stimulations.
The key aspect of human memory is information forgetting,
which is necessary for human beings to adapt to environments.45 To demonstrate the resemblance between the
memory of the intelligent neuromorphic sensor and that of
the human memory, we ﬁrst train the tactile sensors to get the
saturated output; then the retention output is read by applying
a pressure sequence. Here, two kinds of tactile sensors, one
that employs a PI:rGO ﬁlm (INS-I) and the other that
employs a PI:rGO/PI ﬁlm (INS-II) as the negative friction
layer, are studied (Figure 4a,b). The decay of the output
voltage suggests a surprising similarity to “the forgetting curve”
of humans.46 Physically, the decay of the output voltage results
from the loss of triboelectric charges, and the use of an inserted
PI layer can retard that loss process (Figure S7). The reader
should note that the applied pressure leads to a slight increase
in the output voltage (ΔEPSP). As a result, the measured
memory retention curve is slightly diﬀerent from the real one.
However, because the ΔEPSP from each applied press is
relatively small (Figure 3b), the small number of applied
presses introduced in the retention measurement will not have
a large eﬀect on the decay performance of the device.
Quantitatively, a power function, V = V1 exp[−(t/τ1)] + V2
exp[−(t/τ2)], is also used to ﬁt the decay curves for our
devices.47 Here, V is the relaxation function, V1 and V2 are the
prefactors, t is the time, and τ1 and τ2 are the relaxation times,
which imply forgetting rates. An abrupt drop is observed in the
initial phase (τ1 = 70 min), followed by a much slower decay
(τ2 = 519 min for the INS-I; τ2 = 3082 min for the INS-II).
The decay trend suggests another surprising similarity to the
brief description of human memory; i.e., a rapid initial decline
E
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Figure 5. Applications in intelligent ﬁngers. (a) Photograph of two INS-I devices worn, one on each of two ﬁngers. (b) Recorded output
signals related to a series of ﬁnger actions. (c) Schematic of the tactile sensor integrating INS-I and INS-II into a single device. (d) Recorded
output signals related to the ﬁngers’ actions. Our intelligent neuromorphic sensor can intelligently record tactile information, such as the
current press stimulation, and can retain the history of previous stimulations.

A motionless middle ﬁnger leads to spontaneous decay of the
output, so a ﬁnal signal of “1−0” is recorded.
Because of the diﬀerent memory retentions, we can integrate
INS-I and INS-II into a single device to record a richer amount
of action information (Figure 5c and Methods). A single
pressure stimulation can produce two voltage outputs,
reﬂecting more information related to the stimulation history.
In the initial state, both the outputs under external pressure
(∼100 mN) are low, and a signal of “0−0” is recorded (Figure
5d). Thus, we are aware that this ﬁnger was not frequently
active. When frequent pressure stimulations are applied to this
ﬁnger, an output signal of “1−1” is recorded, and this signal
will be retained for a long time due to memory retention,
which reﬂects the previous history of frequent actions.
However, if frequent pressure stimulations are not applied,
the output from INS-I will decrease faster than that from INSII. As a result, a signal of “1−0” is recorded (Figure 5d). On
the basis of the “1−0” signal, we come to know two pieces of
information: (1) this ﬁnger was active frequently at the very
beginning, and (2) this ﬁnger has not had any frequent actions
in recent times (at least in about 100 min). If no frequent
actions are experienced for a long time, the output signal will
be reset as “0−0”, which means that the tactile sensor releases
its memory storage so as to be able to address a coming action
with more frequently accessed or more important information.
The development of a self-powered, intelligent, tactile sensor
demonstrates the feasibility of producing an intelligent sensor
that can be used to upgrade the function of an electronic tactile
sensor from information reception only to information
reception and process storage. Furthermore, the idea of
functionally integrating a sensor with a neuromorphic system,
as was done in this work, can serve as inspiration for future

suﬃcient to obtain the same memorization level after
spontaneous decay. This phenomenon is also similar to
relearning in the brain, where forgotten information is
relearned more quickly than ﬁrst time information. However,
once the refreshing process is stopped, the memorization level
will ultimately decay to the initial state (blue dashed lines in
Figure 4d), which means that this tactile sensor can release its
previously stored memories so as to acquire more frequently
accessed or more important information. The LTM from INSII, despite the presence of forgetting, can be maintained for a
much longer period of time without follow-up stimuli.
However, relatively low frequency refreshments are necessary
if the memory is to become permanent (Figure 4e).
To demonstrate the concrete application, we assembled the
devices on ﬁngers to record information related to the actions
of the ﬁngers. First, two INS-I were assembled on the middle
and the index ﬁngers (Figure 5a). An output pulse lower than
the ﬁring threshold is classed as “0” while an output pulse
higher than the ﬁring threshold is deﬁned as “1”. In the initial
state, both the output pulses under external force (∼100 mN)
are too low to reach the ﬁring threshold, and a signal of “0−0”
is recorded (Figure 5b). Thus, we are aware that a pressure has
been applied to the ﬁngers currently, which is related to the
present stimulations. Furthermore, the signal of “0−0”
indicates that the two ﬁngers had not been frequently active,
which is related to the previous stimulation history. When the
middle ﬁnger frequently touches some object, the output from
this device increases, and a signal of “0−1” is ﬁnally obtained.
We can surmise that the middle ﬁnger was active more
frequently than before (previous stimulation history). When
the index ﬁnger is also touching some object frequently, the
related output also increases, and a signal of “1−1” is obtained.
F
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attached on the oriented polypropylene (OPP) ﬁlm (1.2 cm × 2 cm,
50 μm-thick) and acted as the positive triboelectric layer. Finally, the
Al/OPP stacked ﬁlm was assembled with the bottom component
forming an arch-shaped structure. The chord length of the archshaped structure is 1 cm, and the height is about 0.2 cm.
Characterization and Measurement. A scanning electron
microscope (SEM, NOVA nanoSEM 450) and an atomic force
microscope (AFM, Bruker multimode 8) were used to characterize
the GO and the PI:rGO ﬁlm. For the electrical measurements, the Al
electrode was connected to a grounded 10-MΩ resistor, and the
output voltages was recorded on an oscilloscope (Tektronix
TDS2024C). All the measurements were performed under atmospheric conditions. When the output performance of the intelligent
neuromorphic sensors was measured, the devices were placed on a
ﬁxed rigid substrate, and a linear motor was used to apply pressure to
the device (Figure S8). For the demonstration of the applications of
intelligent ﬁngers, the intelligent neuromorphic sensors were
assembled on ﬁngers, and the ﬁngers tapped a ﬁxed rigid substrate
to apply pressure to the sensors.

development of intelligent sensors able to respond to optical,
electrical, chemical, and biological stimulations. Such an
intelligent sensor network will have the ability to perceive
more information related to its current and previous
stimulations and will serve as an interactive interface for an
artiﬁcial intelligence system. However, the size of the currently
constructed, intelligent, tactile sensor is relatively large, and its
complexity and integration level are far lower than those
required for a biological sensor−nervous system. In the future,
further exploration leading to the development of a micrometer-sized, intelligent, tactile sensor and a network with
multifunctional integration is necessary.

CONCLUSIONS
In summary, we have demonstrated triboelectric nanogenerator-based intelligent neuromorphic tactile sensors that
exhibit self-powered pressure sensing, as well as key features of
the neuromorphic system. These sensors are capable of
synaptic facilitation and potentiation, memory, and forgetting.
In these intelligent, tactile sensors, rGOs embedded in the
friction layer acted as electron body traps and played a key role
in the neuroplasticity. A temporary increase in the output
voltage, as well as a spontaneous decay of that output voltage
over time, was observed. The stacked structure in the friction
layer was able to mediate the retention time of the information
received by the tactile sensors so as to realize STM (relaxation
time: 519 min) and LTM (relaxation time: 3082 min). Finally,
we showed that the devices could fully conform to the ﬁngers
and were able to act as self-powered mechanical sensors with
intelligent and tactile sensation and with the ability to retain a
rich amount of information related to the current stimulation
and to the stimulation history. This highly integrated tactile
sensor can serve as a functional element suitable for use in a
pressure sensor network of the artiﬁcial intelligence system.
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METHODS
Preparation of PI:rGO Film. The GO was prepared from puriﬁed
natural graphite by using the modiﬁed Hummers method. PI, from a
polyamide acid (PAA) precursor, was prepared by dissolving polyamic
acid in dimethylformamide (DMF) and consisted of 287.5 mg of pphenylenediamine (PDA) and 781.25 mg of biphenyltetracarboxylic
dianhydride (BPDA) dissolved in 200 mL of DMF solvent. For the
preparation of the PAA:GO mixture, 5 mg of GO were added to 10
mL of the PAA precursor, followed by sonication for 1 h. Because GO
contains hydroxyl groups on the surfaces and the edges of atomic
carbon sheets, the PAA with carboxylic acid groups can readily couple
with the GO sheets (Figure S2). The GO sheets were uniformly
dispersed in the PAA precursor. The PAA:GO ﬁlm was deposited on
the substrate by using the spin-coating method and was baked at 135
°C for 30 min to evaporate the solvent. This was followed by baking
at 400 °C for 2 h to prepare the PI:rGO ﬁlm (∼20 μm).
Fabrication of the Intelligent Neuromorphic Sensors. First,
Al foil (1 cm × 1 cm, 10 μm-thick) was prepared for use as an
electrode. Then, the PI:rGO ﬁlm (∼20 μm-thick) was fabricated on
the surface of the Al foil to form an Al/PI:rGO stacked structure (1
cm × 1 cm), which was attached on PI (Kapton) tape (1.2 cm × 2
cm, 50 μm-thick) to fabricate the bottom component of INS-I. For
the bottom component of INS-II, a PI ﬁlm (∼1 μm) was ﬁrst
deposited on the Al foil. The PI:rGO ﬁlm was attached to the Al/PI
substrate to form an Al/PI/PI:rGO ﬁlm (1 cm × 1 cm). For the
bottom component of the intelligent neuromorphic sensor shown in
Figure 5c, the Al/PI:rGO stacked structure (1 cm × 1 cm) and the
Al/PI/PI:rGO ﬁlm (1 cm × 1 cm) were attached side-by-side on PI
(Kapton) tape (1.2 cm × 3 cm). For the top component of the
intelligent neuromorphic sensor, an Al foil (1 cm × 1 cm) was
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