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dynamic distribution of neurons and synapses in a single
device. However, due to the limitations of material and
mechanism, the reconstructed device’s working voltage,
high resistance state (HRS), low resistance state (LRS),
and operating current cannot be maintained consistently,
which significantly increases the difficulty of hardware
application development and impedes its further progress
in dynamic neural networks4,9–11. Therefore, the devel-
opment of novel reconfigurable memristors to realize the
dynamic neural network function of artificial neurons and
synapses is an effective way to complete the next gen-
eration of neuromorphic computation9.
In recent years, neuromorphic computing based on

photoelectric memristors has overcome the limitations of
traditional von Neumann architecture, and it has been
extensively studied in the field of visual perception sys-
tems integrating sense, memory and computation12–17.
Since light can pass through three-dimensional space
without interfering with each other, and light has advan-
tages such as wide broadband, easy parallel input, and
good scalability18,19, these unique optical properties can
perform neuromorphic functions at high speed. There-
fore, light as an input port of information, can greatly
enrich the freedom of synaptic plasticity regulation20,21. In
addition, light can greatly increase the electron-hole pair
concentration of the device in a short time, and increase
the device current through the separation of the barrier
under the action of the electric field21, so that the device
changes from a high resistance state to a low resistance
state. And because of the photogenerated carriers, the
device does not require the traditional vacancy or ion
conduction filament. More importantly, it does not need
electroforming or limiting current to assist it to achieve
the corresponding working state, so it will not destroy the
internal crystal structure of the device, which helps to
improve the stability and uniform of the device when
working, and it may achieve device-to-device consistency
without calibration in neuromorphic computing, which is
an extremely important property22. Therefore, the intro-
duced light is expected to provide a promising way to
dynamically allocate resources and greatly promote the
development of new in-memory computing technologies.
It provides a new solution for neural computing system
based on dynamic allocation.
In this paper, we design photonics reconstructed

memristor (PRM) based on the simple structure of Pd/
ZnO/Graphene/SiO2/Si. We find that changing the pho-
toelectric coupling mode can control the changes of the
volatile and non-volatile characteristics of the device,
under the premise of ensuring the high unity of operating
voltage, high and low resistance state and operating cur-
rent of the device, we construct an artificial neuron and
synaptic model device with dynamic distribution cap-
ability. In neuron mode, the device exhibits a stable and

controllable threshold feature, and it can convert different
frequencies of light into corresponding spike pulses,
which is the basic feature of the excitation function of
simulated neurons, and can be used to realize the
decoding of Morse cipher information based on pulse
code and Poisson coded image recognition. In the
synaptic mode, the device exhibits non-volatile memristor
characteristics, which can simulate two plasticity states of
short-term memory (STM) and long-term memory
(LTM). In the STM mode, the neural network con-
structed by the EPSC effect generated by the photoelectric
coupling realizes MNIST handwritten recognition. In the
LTM mode, an intelligent driving hardware system based
on LTM is designed to recognize traffic lights repeatedly.
The four scenarios fully prove that the PRM can integrate
the functions of artificial neurons and synapses through a
single device, and thanks to the high consistency of the
electrical parameters of the device, the application circuit
is greatly simplified, and it is a new idea for realizing high-
speed, high-density and reconfigurable brain-like
computing.

Results
Reconfigurable photoelectric memristor
To construct a dynamic neural network, we design a

reconfigurable photoelectric memristor (PRM) device. Its
structure is Pd/ZnO/Graphene/SiO2/Si (Fig. 1a and see
more details in Method), in which the multilayer gra-
phene with excellent electrical conductivity is the positive
electrode and Pd is the negative electrode. And it takes
advantage of the programmability of light to realize the
properties of neurons and synapses in a single device. By
analyzing the cross-sectional structure of high-resolution
TEM images of the device, it is found that the device has a
simple sandwich structure, and the longitudinal size of the
device is small: the thickness of the graphene electrode is
only and 4 nm thickness of the ZnO layer is 10 nm and the
ZnO film contains oxygen vacancies (Fig. 1b and Fig. S1,
Supplementary Information). The structure uses photo-
generated charge carriers to increase the device current
and realize fast switching of high resistance states (HRS)
and low resistance states (LRS) under the combined
action of electric field and illumination, which can be
turned on for up to 9.48 μs and turned off for up to
24.16 μs (Fig. S2, Supplementary Information). Moreover,
since the device can be turned on by adding light and
turned off by removing light, the switch of the device is
controlled by light to simulate the characteristics of the
volatile threshold-switching memristor (VTSM) and
nonvolatile memristor (NVM), and ultimately achieve
the performance of neurons and synapses (Fig. 1c), to
meet the dynamic configuration requirements of
specific functions of neuromorphic devices in different
environments3.
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Introduction
Artificial intelligence field has huge challenges in con-

tinuous learning, mainly because when new data incre-
ments are presented to neural networks, they will
interfere with the previously learned knowledge and fail to
complete the continuous learning task, leading to cata-
strophic forgetting1,2. It is found that achieving effective
resource allocation through dynamic networks and
thereby enabling compatibility among multiple neural
network computations is one of the main approaches to
addressing this issue3. In biology, there is no dynamic
distribution process between neurons and synapses.
Neurons are responsible for transmitting nerve signals
and information processing, and synapses are the

connection points between neurons that transmit signals4.
Their functions and structures are highly characterized
and specialized in living organisms to perform complex
nervous system functions. Memristors have been exten-
sively studied in the field of neuromorphic computation-
ally5–8. Biomimetic neurons and synapses that use
memristors to implement pulsed neural networks and
artificial neural networks are also becoming more
mature9. At present, researchers mainly optimize a certain
function to meet the configuration requirements of the
target neural network, such as pulse neural network or
artificial neural network, so the existing optimization
methods hinder the realization of dynamic neural net-
work4. The function of volatile integration activation and
non-volatile synaptic weight regulation is the basic unit of
neuromorphic computational network, and it is also the
necessary condition for constructing dynamic network to
realize continuous learn9. The reconfigurable memristor
behavior with volatile and non-volatile has been
observed4,9–11, which demonstrates the ability to achieve
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dynamic distribution of neurons and synapses in a single
device. However, due to the limitations of material and
mechanism, the reconstructed device’s working voltage,
high resistance state (HRS), low resistance state (LRS),
and operating current cannot be maintained consistently,
which significantly increases the difficulty of hardware
application development and impedes its further progress
in dynamic neural networks4,9–11. Therefore, the devel-
opment of novel reconfigurable memristors to realize the
dynamic neural network function of artificial neurons and
synapses is an effective way to complete the next gen-
eration of neuromorphic computation9.
In recent years, neuromorphic computing based on

photoelectric memristors has overcome the limitations of
traditional von Neumann architecture, and it has been
extensively studied in the field of visual perception sys-
tems integrating sense, memory and computation12–17.
Since light can pass through three-dimensional space
without interfering with each other, and light has advan-
tages such as wide broadband, easy parallel input, and
good scalability18,19, these unique optical properties can
perform neuromorphic functions at high speed. There-
fore, light as an input port of information, can greatly
enrich the freedom of synaptic plasticity regulation20,21. In
addition, light can greatly increase the electron-hole pair
concentration of the device in a short time, and increase
the device current through the separation of the barrier
under the action of the electric field21, so that the device
changes from a high resistance state to a low resistance
state. And because of the photogenerated carriers, the
device does not require the traditional vacancy or ion
conduction filament. More importantly, it does not need
electroforming or limiting current to assist it to achieve
the corresponding working state, so it will not destroy the
internal crystal structure of the device, which helps to
improve the stability and uniform of the device when
working, and it may achieve device-to-device consistency
without calibration in neuromorphic computing, which is
an extremely important property22. Therefore, the intro-
duced light is expected to provide a promising way to
dynamically allocate resources and greatly promote the
development of new in-memory computing technologies.
It provides a new solution for neural computing system
based on dynamic allocation.
In this paper, we design photonics reconstructed

memristor (PRM) based on the simple structure of Pd/
ZnO/Graphene/SiO2/Si. We find that changing the pho-
toelectric coupling mode can control the changes of the
volatile and non-volatile characteristics of the device,
under the premise of ensuring the high unity of operating
voltage, high and low resistance state and operating cur-
rent of the device, we construct an artificial neuron and
synaptic model device with dynamic distribution cap-
ability. In neuron mode, the device exhibits a stable and

controllable threshold feature, and it can convert different
frequencies of light into corresponding spike pulses,
which is the basic feature of the excitation function of
simulated neurons, and can be used to realize the
decoding of Morse cipher information based on pulse
code and Poisson coded image recognition. In the
synaptic mode, the device exhibits non-volatile memristor
characteristics, which can simulate two plasticity states of
short-term memory (STM) and long-term memory
(LTM). In the STM mode, the neural network con-
structed by the EPSC effect generated by the photoelectric
coupling realizes MNIST handwritten recognition. In the
LTM mode, an intelligent driving hardware system based
on LTM is designed to recognize traffic lights repeatedly.
The four scenarios fully prove that the PRM can integrate
the functions of artificial neurons and synapses through a
single device, and thanks to the high consistency of the
electrical parameters of the device, the application circuit
is greatly simplified, and it is a new idea for realizing high-
speed, high-density and reconfigurable brain-like
computing.

Results
Reconfigurable photoelectric memristor
To construct a dynamic neural network, we design a

reconfigurable photoelectric memristor (PRM) device. Its
structure is Pd/ZnO/Graphene/SiO2/Si (Fig. 1a and see
more details in Method), in which the multilayer gra-
phene with excellent electrical conductivity is the positive
electrode and Pd is the negative electrode. And it takes
advantage of the programmability of light to realize the
properties of neurons and synapses in a single device. By
analyzing the cross-sectional structure of high-resolution
TEM images of the device, it is found that the device has a
simple sandwich structure, and the longitudinal size of the
device is small: the thickness of the graphene electrode is
only and 4 nm thickness of the ZnO layer is 10 nm and the
ZnO film contains oxygen vacancies (Fig. 1b and Fig. S1,
Supplementary Information). The structure uses photo-
generated charge carriers to increase the device current
and realize fast switching of high resistance states (HRS)
and low resistance states (LRS) under the combined
action of electric field and illumination, which can be
turned on for up to 9.48 μs and turned off for up to
24.16 μs (Fig. S2, Supplementary Information). Moreover,
since the device can be turned on by adding light and
turned off by removing light, the switch of the device is
controlled by light to simulate the characteristics of the
volatile threshold-switching memristor (VTSM) and
nonvolatile memristor (NVM), and ultimately achieve
the performance of neurons and synapses (Fig. 1c), to
meet the dynamic configuration requirements of
specific functions of neuromorphic devices in different
environments3.
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Introduction
Artificial intelligence field has huge challenges in con-

tinuous learning, mainly because when new data incre-
ments are presented to neural networks, they will
interfere with the previously learned knowledge and fail to
complete the continuous learning task, leading to cata-
strophic forgetting1,2. It is found that achieving effective
resource allocation through dynamic networks and
thereby enabling compatibility among multiple neural
network computations is one of the main approaches to
addressing this issue3. In biology, there is no dynamic
distribution process between neurons and synapses.
Neurons are responsible for transmitting nerve signals
and information processing, and synapses are the

connection points between neurons that transmit signals4.
Their functions and structures are highly characterized
and specialized in living organisms to perform complex
nervous system functions. Memristors have been exten-
sively studied in the field of neuromorphic computation-
ally5–8. Biomimetic neurons and synapses that use
memristors to implement pulsed neural networks and
artificial neural networks are also becoming more
mature9. At present, researchers mainly optimize a certain
function to meet the configuration requirements of the
target neural network, such as pulse neural network or
artificial neural network, so the existing optimization
methods hinder the realization of dynamic neural net-
work4. The function of volatile integration activation and
non-volatile synaptic weight regulation is the basic unit of
neuromorphic computational network, and it is also the
necessary condition for constructing dynamic network to
realize continuous learn9. The reconfigurable memristor
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and NVM mode respectively (Fig. 2h, i), those switching
resistance did not obvious difference, indicating that the
resistance values of the HRS and LRS of the device can be
highly consistent when the two modes are switched,
which also fully proves that the light-controlled threshold
phenomenon has great advantages. To further verify its
stability, we tested the device to device (Fig. S9, Supple-
mentary Information) and also simulated the threshold
switching for 106 times in the light pulse and electrical
pulse modes. After a certain number of pulse switches, the
I–V curve is measured once, obtaining the I-V curve with
different pulse times (Fig. S10, Supplementary Informa-
tion), which lays the foundation for building neurons and

synapses3,23.The difference between synapses and neurons
is that synapses have plasticity, non-volatility is the most
important characteristic of simulated synapses24. For-
tunately, the PRM devices can easily achieve two neuro-
morphic transformations by means of light regulation.
The reason is that the conductive behavior of the device
does not depend on the conductive filaments (Fig. S11,
Supplementary Information), whether at high DC voltage
or pulse voltage, or at small read voltage, the resistance
state of the device can be controlled by an optical switch.
This form of regulation is quite different from the pre-
vious behavior of regulating high and low resistance states
by relying on conductive filaments25. Figure 2j is a
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Neurons and synapses are the building blocks of brain-
like systems, and memristors with highly uniform
switching characteristics are needed to effectively con-
struct artificial neural networks23. The PRM devices
provide the ability to program electronic circuits on
demand to dynamically implement neuronal and neuro-
synaptic features. According to the light absorption dia-
gram (Fig. 2a) and the optical response of the device (Fig.
2b and Fig. S3–S5, Supplementary Information) the
device can respond to the light at different wavelengths
and powers, and can maintain more than 104s stability
under continuous light, which lays a solid foundation for
the following dynamic light regulation. First, we use light
with a lower energy density (520 nm, 50 mW, 0.228 nW/
μm2) to regulate the threshold mode of the device (Table
S1, Supplementary Information). In the process of
0 V ~ 2.5 V ~ 0 V voltage scanning, the device is illumi-
nated at 2.2 V, and the device is quickly turned on from
the high resistance state to the low resistance state until
the light is removed at 0.8 V, so that the device returns to
the high resistance state. The I–V curve change of the
threshold mode was completed (See Fig. 2c). We

measured the I-V curves of 8 groups of different switching
voltages, where S1–S8 and R9–R16 correspond to the
SET voltage and RESET voltage of each group respectively
(Fig. 2c). The threshold switching state achieved by the
programming mode of light does not require any limiting
current, and can be switched at any voltage value (Figs.
S6 and S7, Supplementary Information). It is fully
explained that the PRM device can adjust the switching
voltage on demand to adapt to different hardware circuits
without limiting the current. This is not implemented in
the same way as other threshold devices (Table S2, Sup-
plementary Information). In addition, the optically
implemented VSTM mode are achieving 100 cycles I–V
curve at an on voltage (Vth1) of 2.0 V and an off voltage
(Vth2) of 1.0 V very stalely (Fig. 2d), and it can implement
the DC mode of the memristor (Fig. S8, Supplementary
Information), for comparison, we only tested 100 cycles of
forward I–V of stable VNM mode (Fig. 2e). Indicating
that the switching voltage (Vth1 and Vth2 in VSTM mode
or SET in VNM mode) is extremely uniform and con-
trollable (Fig. 2f, g). And we also extracted the HRS and
LRS resistance values of I–V curves at 1.2 V under VTSM
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and NVM mode respectively (Fig. 2h, i), those switching
resistance did not obvious difference, indicating that the
resistance values of the HRS and LRS of the device can be
highly consistent when the two modes are switched,
which also fully proves that the light-controlled threshold
phenomenon has great advantages. To further verify its
stability, we tested the device to device (Fig. S9, Supple-
mentary Information) and also simulated the threshold
switching for 106 times in the light pulse and electrical
pulse modes. After a certain number of pulse switches, the
I–V curve is measured once, obtaining the I-V curve with
different pulse times (Fig. S10, Supplementary Informa-
tion), which lays the foundation for building neurons and

synapses3,23.The difference between synapses and neurons
is that synapses have plasticity, non-volatility is the most
important characteristic of simulated synapses24. For-
tunately, the PRM devices can easily achieve two neuro-
morphic transformations by means of light regulation.
The reason is that the conductive behavior of the device
does not depend on the conductive filaments (Fig. S11,
Supplementary Information), whether at high DC voltage
or pulse voltage, or at small read voltage, the resistance
state of the device can be controlled by an optical switch.
This form of regulation is quite different from the pre-
vious behavior of regulating high and low resistance states
by relying on conductive filaments25. Figure 2j is a
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Neurons and synapses are the building blocks of brain-
like systems, and memristors with highly uniform
switching characteristics are needed to effectively con-
struct artificial neural networks23. The PRM devices
provide the ability to program electronic circuits on
demand to dynamically implement neuronal and neuro-
synaptic features. According to the light absorption dia-
gram (Fig. 2a) and the optical response of the device (Fig.
2b and Fig. S3–S5, Supplementary Information) the
device can respond to the light at different wavelengths
and powers, and can maintain more than 104s stability
under continuous light, which lays a solid foundation for
the following dynamic light regulation. First, we use light
with a lower energy density (520 nm, 50 mW, 0.228 nW/
μm2) to regulate the threshold mode of the device (Table
S1, Supplementary Information). In the process of
0 V ~ 2.5 V ~ 0 V voltage scanning, the device is illumi-
nated at 2.2 V, and the device is quickly turned on from
the high resistance state to the low resistance state until
the light is removed at 0.8 V, so that the device returns to
the high resistance state. The I–V curve change of the
threshold mode was completed (See Fig. 2c). We

measured the I-V curves of 8 groups of different switching
voltages, where S1–S8 and R9–R16 correspond to the
SET voltage and RESET voltage of each group respectively
(Fig. 2c). The threshold switching state achieved by the
programming mode of light does not require any limiting
current, and can be switched at any voltage value (Figs.
S6 and S7, Supplementary Information). It is fully
explained that the PRM device can adjust the switching
voltage on demand to adapt to different hardware circuits
without limiting the current. This is not implemented in
the same way as other threshold devices (Table S2, Sup-
plementary Information). In addition, the optically
implemented VSTM mode are achieving 100 cycles I–V
curve at an on voltage (Vth1) of 2.0 V and an off voltage
(Vth2) of 1.0 V very stalely (Fig. 2d), and it can implement
the DC mode of the memristor (Fig. S8, Supplementary
Information), for comparison, we only tested 100 cycles of
forward I–V of stable VNM mode (Fig. 2e). Indicating
that the switching voltage (Vth1 and Vth2 in VSTM mode
or SET in VNM mode) is extremely uniform and con-
trollable (Fig. 2f, g). And we also extracted the HRS and
LRS resistance values of I–V curves at 1.2 V under VTSM
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noise in images due to thermal noise from electronic
components and readout errors during operation33,34.
Noise removal methods usually use smoothing and
filtering algorithms to preserve image details and
structural information while reducing the impact of
noise on image quality, but this will increase the cor-
responding cost35. To solve this problem, we use PRM
devices to construct a neuromorphic vision sensor
(NVS) based on STM synaptic properties in NVM
mode to simulate the noise removal process of image
recognition. Photoelectric synapses have EPSC plasti-
city at STM model shown in Fig. 5a and Supplementary
Information Figs. S18, S19. In the process of image
perception, EPSC neuromorphic characteristics of
PRM devices under photoelectric action are utilized to
effectively remove noise in images36. To better
demonstrate the ability of NVS to remove noise, we
built a three-layer artificial neural network, including

the input layer, the hidden layer and the output layer
with 784, 64, and 10 neurons respectively. The image
data source is the standard MNIST handwritten digit
recognition data set, each handwritten digit image pixel
size is 28 × 28. The same image data was fed into a
network without NVS and a network with NVS pre-
processing for training (Fig. 5b). The numeral images 7
as an example, noise is added based on the original
image, and the noise level ranges from 10% to 80% (Fig.
5c). It can be clearly seen that the image processed by
NVS can better reflect the subject in the image. By
using the same method to input different digital images
into the NVS (Fig. 5d), the NVS based on PRM devices
have good pre-noise processing effect on various
numbers. Under the condition of 80% noise, the con-
fusion matrix image generated by NVS after 300
training sessions, in which Fig. 5e is the recognition
rate of numeral images 7 confusion matrix after 300
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schematic diagram of Pd/ZnO/Graphene energy bands
under light irradiation. Electron-hole pairs generated at
the optical irradiation interface increase the free carrier
concentration, under the action of electric field, electrons
are transferred to the graphene layer to form an electron
flow26,27, and holes are transferred to the Pd electrode
layer to form a hole current. Therefore, a large photo-
current and dark current ratio is achieved under the
action of light, which lays a foundation for realizing the
reconfigurable memristor.

Encrypted information communication at RPM-
VTSM mode
The PRM device can be used in scenarios that rely on

light as the medium of information transmission. Taking
navigation as an example in the vast sea, lamp signal plays a
very important role in the information exchange of navi-
gation, which can carry out reliable communication in long
distance and harsh sea environment. Ships can transmit
important navigational information to each other through
sea lights, such as heading, speed, distance, etc28,29. The
PRM device can decode the navigation information in real
time and quickly, which is essential for communication and
coordination between ships. The ship encrypts the trans-
mitted signal with the encoding method of Morse code
through the computer A, and controls the switching state of
the laser diode to transmit the signal. Then, another ship
computer B receives the signal through the PRM and
produces the corresponding short photocurrent point signal
“.” and long photocurrent signal “—”, which is eventually
restored by the driver to a human-recognizable signal (Fig.
3a). Under the combined action of an electric field and a
light pulse with a variable duty cycle or frequency, the PRM
device will also produce an optical response of different
intensity and different time scales (Fig. 3b), which means
that the device can adjust it conduction state and conduc-
tion time by changing the input mode of light, to achieve a
variety of forms of control (see more details in Fig. S12–S14,
Supplementary Information). We selected 2 kHz light pul-
ses with a duty cycle of 4% and 20% to simulate short point
signal “.” and long signal “—”in the Morse code to compile
the encrypted message, and it successfully emulates the
Morse code A through Z and the 0–9 numeric symbols (see
more details in Figs. S15 and S16, Supplementary Infor-
mation). To simulate the information transmission in the
navigation process, we encode the three letters “H-B-U” in
the form of Morse code, and then transmit the encoded
information to the optical driver module to control the
transmission of the encoded light pulse, and receive the
information and decode it after the PRM device (Fig. 3c).
The PRM device quickly and accurately decodes the
received information into the Morse code corresponding to
“H-B-U” under the combined action of the 2 V voltage and
the light pulse train carrying the information. Experiments

show that a single PRM device can realize the function of
encryption transmission and decoding based on optical
information, which is low cost, fast and convenient, and
more conducive to navigation safety.

Image recognition at PRM-VTSM mode
Poisson coding is a coding technique utilized in SNN,

incorporating the statistical principles of the Poisson
distribution30. Unlike traditional frequency coding meth-
ods, Poisson coding associates a neuron’s firing prob-
ability with the stimulus intensity, allowing for sparse
neuronal firing to encode information. This approach
represents the gray-level information of an image by
linking the probability of neuron firing to pixel brightness
levels. The image information is converted into Poisson
code by the device and transmitted to the brain (Fig. 4a).
Neurons with higher firing probabilities (associated with
brighter pixels) emit pulses more frequently, while those
with lower firing probabilities (associated with darker
pixels) emit fewer pulses (Fig. 4b). This method takes
advantage of the natural tendency of neurons to fire in
bursts, making it a more effective and biologically plau-
sible encoding strategy. Notably, Poisson coding has
garnered attention in neuroscience and impulsive neural
network research due to its efficiency and compatibility
with biological systems. The more times the Poisson
coding is superimposed on the time line, the more
accurate the brightness information of the pixels, and the
higher and clearer the recovery degree of the obtained
image. PRM device can achieve conductivity regulation at
different frequencies by photoelectric hybrid mode as
shown in Fig. 4c, d and Supplementary Information Fig.
S17. The device completes a conversion of high and low
resistance states under the light pulse of 0.1 kHz and 50%
duty cycle, and the high resistance state can reach about
1.4MΩ. Under the same electric pulse, when the light
frequency gradually increases, the device shows a higher
frequency of high and low resistance states, and the
resistance value of the high resistance state gradually
decreases with the increase of frequency. The value of the
conductance is adjusted according to the frequency of the
light pulse. Figure 4e shows the image recognition process
after the simulated image is sent to the device in neuron
mode through Poisson coding. It can be clearly seen that
the image is completely black when the pulse is sent for 0
or very few pulses. With the increase of superposition
times, the pulse frequency of corresponding pixels
increases, and the image is gradually clear, and the image
recognition is finally completed.

Image recognition at RPM-NVM mode
Photoelectric synapses play an important role in

image pre-processing based on neuromorphic devi-
ces31,32. Traditional image sensors inevitably produce
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noise in images due to thermal noise from electronic
components and readout errors during operation33,34.
Noise removal methods usually use smoothing and
filtering algorithms to preserve image details and
structural information while reducing the impact of
noise on image quality, but this will increase the cor-
responding cost35. To solve this problem, we use PRM
devices to construct a neuromorphic vision sensor
(NVS) based on STM synaptic properties in NVM
mode to simulate the noise removal process of image
recognition. Photoelectric synapses have EPSC plasti-
city at STM model shown in Fig. 5a and Supplementary
Information Figs. S18, S19. In the process of image
perception, EPSC neuromorphic characteristics of
PRM devices under photoelectric action are utilized to
effectively remove noise in images36. To better
demonstrate the ability of NVS to remove noise, we
built a three-layer artificial neural network, including

the input layer, the hidden layer and the output layer
with 784, 64, and 10 neurons respectively. The image
data source is the standard MNIST handwritten digit
recognition data set, each handwritten digit image pixel
size is 28 × 28. The same image data was fed into a
network without NVS and a network with NVS pre-
processing for training (Fig. 5b). The numeral images 7
as an example, noise is added based on the original
image, and the noise level ranges from 10% to 80% (Fig.
5c). It can be clearly seen that the image processed by
NVS can better reflect the subject in the image. By
using the same method to input different digital images
into the NVS (Fig. 5d), the NVS based on PRM devices
have good pre-noise processing effect on various
numbers. Under the condition of 80% noise, the con-
fusion matrix image generated by NVS after 300
training sessions, in which Fig. 5e is the recognition
rate of numeral images 7 confusion matrix after 300
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schematic diagram of Pd/ZnO/Graphene energy bands
under light irradiation. Electron-hole pairs generated at
the optical irradiation interface increase the free carrier
concentration, under the action of electric field, electrons
are transferred to the graphene layer to form an electron
flow26,27, and holes are transferred to the Pd electrode
layer to form a hole current. Therefore, a large photo-
current and dark current ratio is achieved under the
action of light, which lays a foundation for realizing the
reconfigurable memristor.

Encrypted information communication at RPM-
VTSM mode
The PRM device can be used in scenarios that rely on

light as the medium of information transmission. Taking
navigation as an example in the vast sea, lamp signal plays a
very important role in the information exchange of navi-
gation, which can carry out reliable communication in long
distance and harsh sea environment. Ships can transmit
important navigational information to each other through
sea lights, such as heading, speed, distance, etc28,29. The
PRM device can decode the navigation information in real
time and quickly, which is essential for communication and
coordination between ships. The ship encrypts the trans-
mitted signal with the encoding method of Morse code
through the computer A, and controls the switching state of
the laser diode to transmit the signal. Then, another ship
computer B receives the signal through the PRM and
produces the corresponding short photocurrent point signal
“.” and long photocurrent signal “—”, which is eventually
restored by the driver to a human-recognizable signal (Fig.
3a). Under the combined action of an electric field and a
light pulse with a variable duty cycle or frequency, the PRM
device will also produce an optical response of different
intensity and different time scales (Fig. 3b), which means
that the device can adjust it conduction state and conduc-
tion time by changing the input mode of light, to achieve a
variety of forms of control (see more details in Fig. S12–S14,
Supplementary Information). We selected 2 kHz light pul-
ses with a duty cycle of 4% and 20% to simulate short point
signal “.” and long signal “—”in the Morse code to compile
the encrypted message, and it successfully emulates the
Morse code A through Z and the 0–9 numeric symbols (see
more details in Figs. S15 and S16, Supplementary Infor-
mation). To simulate the information transmission in the
navigation process, we encode the three letters “H-B-U” in
the form of Morse code, and then transmit the encoded
information to the optical driver module to control the
transmission of the encoded light pulse, and receive the
information and decode it after the PRM device (Fig. 3c).
The PRM device quickly and accurately decodes the
received information into the Morse code corresponding to
“H-B-U” under the combined action of the 2 V voltage and
the light pulse train carrying the information. Experiments

show that a single PRM device can realize the function of
encryption transmission and decoding based on optical
information, which is low cost, fast and convenient, and
more conducive to navigation safety.

Image recognition at PRM-VTSM mode
Poisson coding is a coding technique utilized in SNN,

incorporating the statistical principles of the Poisson
distribution30. Unlike traditional frequency coding meth-
ods, Poisson coding associates a neuron’s firing prob-
ability with the stimulus intensity, allowing for sparse
neuronal firing to encode information. This approach
represents the gray-level information of an image by
linking the probability of neuron firing to pixel brightness
levels. The image information is converted into Poisson
code by the device and transmitted to the brain (Fig. 4a).
Neurons with higher firing probabilities (associated with
brighter pixels) emit pulses more frequently, while those
with lower firing probabilities (associated with darker
pixels) emit fewer pulses (Fig. 4b). This method takes
advantage of the natural tendency of neurons to fire in
bursts, making it a more effective and biologically plau-
sible encoding strategy. Notably, Poisson coding has
garnered attention in neuroscience and impulsive neural
network research due to its efficiency and compatibility
with biological systems. The more times the Poisson
coding is superimposed on the time line, the more
accurate the brightness information of the pixels, and the
higher and clearer the recovery degree of the obtained
image. PRM device can achieve conductivity regulation at
different frequencies by photoelectric hybrid mode as
shown in Fig. 4c, d and Supplementary Information Fig.
S17. The device completes a conversion of high and low
resistance states under the light pulse of 0.1 kHz and 50%
duty cycle, and the high resistance state can reach about
1.4MΩ. Under the same electric pulse, when the light
frequency gradually increases, the device shows a higher
frequency of high and low resistance states, and the
resistance value of the high resistance state gradually
decreases with the increase of frequency. The value of the
conductance is adjusted according to the frequency of the
light pulse. Figure 4e shows the image recognition process
after the simulated image is sent to the device in neuron
mode through Poisson coding. It can be clearly seen that
the image is completely black when the pulse is sent for 0
or very few pulses. With the increase of superposition
times, the pulse frequency of corresponding pixels
increases, and the image is gradually clear, and the image
recognition is finally completed.

Image recognition at RPM-NVM mode
Photoelectric synapses play an important role in

image pre-processing based on neuromorphic devi-
ces31,32. Traditional image sensors inevitably produce
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signal sent by MCU1 and executes the relevant instruc-
tions to complete the relevant actions of intelligent driv-
ing. The specific judgment logic is that the PRM device
recognizes the traffic light and converts the signal into the
corresponding photocurrent value, and the photocurrent

value is converted into voltage through the I–V conver-
sion amplifier module. MCU1 reads the voltage and
determines whether the signal is green (1) or red (0)
according to the threshold voltage set by the program.
Send a 1 or 0 to the MCU2 via Bluetooth to control the
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training times and recognition accuracy under different noises without NVS processing. h The relationship between training times and recognition
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training with NVS, and Fig. 5f is the recognition rate of
random numeral images confusion matrix after 300
training with NVS. It can be found that the two sce-
narios of image recognition have better results (More
details in the Figs. S20–S28, Supplementary Informa-
tion). It can be found the image after NVS pre-
processing requires less training times, but the recog-
nition effect is better and the recognition rate is higher.
This more intuitively illustrates that artificial neural
networks containing NVS have more advantages in
noise processing (Figs. S29 and S30, Supplementary
Information)36. Without the participation of NVS, after
300 training sessions, the training sessions and recog-
nition accuracy of images with different noise levels
were compared, and it was found that as the noise level
increased, the training sessions required for network
convergence gradually increased and the recognition
accuracy continuously decreased (Fig. 5g). However,
after NVS processing, not only the network con-
vergence is faster, but also the recognition rate is more
concentrated (Fig. 5h), which is higher than that of
images without NVS processing (Fig. 5i). This proves
that the NVS system built based on PRM devices can
filter the noise in the image well, and then pre-process

and recognize the image better, providing a new
research idea for the integration of integrated sensors
to remove noise.

Intelligent driving at RPM-NVM mode
An intelligent driving system is developed based on the

PRM device’s continuous light stability and the fast
response of light resolution at different wavelengths. In
the future intelligent driving scenario, the traffic light can
also be sent through other forms of signals, the intelligent
car recognizes the red light in the process of moving, the
vehicle stops moving forward - “STOP”, and the car
continues to move forward when the signal light turns
green - “GO” (Fig. 6a). We use the LTM mode of PRM
device to build an intelligent driving system (Fig. 6b),
which mainly includes four parts. The first part is the
PRM device, which is used as the visual perception part of
the car to receive external light signals. The second part is
the I-V conversion amplifier module, which converts the
photocurrent into a voltage that can be recognized by the
microcontroller unit (MCU). The third part is MCU1,
which is used to identify the input signal and judge the
driving behavior that the signal conforms to. In the fourth
part, MCU2, as the control center of the car, receives the
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signal sent by MCU1 and executes the relevant instruc-
tions to complete the relevant actions of intelligent driv-
ing. The specific judgment logic is that the PRM device
recognizes the traffic light and converts the signal into the
corresponding photocurrent value, and the photocurrent

value is converted into voltage through the I–V conver-
sion amplifier module. MCU1 reads the voltage and
determines whether the signal is green (1) or red (0)
according to the threshold voltage set by the program.
Send a 1 or 0 to the MCU2 via Bluetooth to control the
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training with NVS, and Fig. 5f is the recognition rate of
random numeral images confusion matrix after 300
training with NVS. It can be found that the two sce-
narios of image recognition have better results (More
details in the Figs. S20–S28, Supplementary Informa-
tion). It can be found the image after NVS pre-
processing requires less training times, but the recog-
nition effect is better and the recognition rate is higher.
This more intuitively illustrates that artificial neural
networks containing NVS have more advantages in
noise processing (Figs. S29 and S30, Supplementary
Information)36. Without the participation of NVS, after
300 training sessions, the training sessions and recog-
nition accuracy of images with different noise levels
were compared, and it was found that as the noise level
increased, the training sessions required for network
convergence gradually increased and the recognition
accuracy continuously decreased (Fig. 5g). However,
after NVS processing, not only the network con-
vergence is faster, but also the recognition rate is more
concentrated (Fig. 5h), which is higher than that of
images without NVS processing (Fig. 5i). This proves
that the NVS system built based on PRM devices can
filter the noise in the image well, and then pre-process

and recognize the image better, providing a new
research idea for the integration of integrated sensors
to remove noise.

Intelligent driving at RPM-NVM mode
An intelligent driving system is developed based on the

PRM device’s continuous light stability and the fast
response of light resolution at different wavelengths. In
the future intelligent driving scenario, the traffic light can
also be sent through other forms of signals, the intelligent
car recognizes the red light in the process of moving, the
vehicle stops moving forward - “STOP”, and the car
continues to move forward when the signal light turns
green - “GO” (Fig. 6a). We use the LTM mode of PRM
device to build an intelligent driving system (Fig. 6b),
which mainly includes four parts. The first part is the
PRM device, which is used as the visual perception part of
the car to receive external light signals. The second part is
the I-V conversion amplifier module, which converts the
photocurrent into a voltage that can be recognized by the
microcontroller unit (MCU). The third part is MCU1,
which is used to identify the input signal and judge the
driving behavior that the signal conforms to. In the fourth
part, MCU2, as the control center of the car, receives the
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of neuron frequency coding. In the synaptic STM mode,
the NVS constructed based on EPSC completed the
denoising function in the process of image recognition.
When different numbers mixed with 10% to 80% noise,
the image was accurately recognized, and the average
recognition rate was still as high as 94.31% (the highest
95.33%). The device can also realize LTM mode of
synaptic, in which the device can achieve stable state
retention. We use this mode to design an intelligent traffic
light recognition system, and complete the recognition of
the traffic signal in the intelligent car. The PRM device
provides a new idea for the realization of dynamic neural
networks in the future, and provides a new scheme for the
development of highly integrated artificial intelligence.

Materials and methods
Fabrication of PRM device
Preparation of ZnO functional layer: The graphene

bottom electrode comes from Nanjing MKNANO Tech.
Co., LTD., using magnetron sputtering to deposit about
10 nm ZnO on the graphene film, the sputtering steps are:
first, the ZnO target and silicon substrate graphene are
put into the magnetron sputtering cavity as required;
Then open the mechanical pump and molecular pump,
pump the vacuum to 2 × 10-4 Pa, turn on the RF source for
preheating. Argon: oxygen is 2:1, sputtering power is
10W, and working pressure is 3 Pa; After the pressure is
stable, pre-sputtering is carried out for 5 min to remove
surface impurities. After the pre-sputtering is completed,
the formal sputtering is carried out for 5 min. The
thickness of each layer of the device is shown in TEM Fig.
1b. The Pd top electrode was grown by DC magnetron
sputtering, assisted by a mask plate with a diameter of
100 μm, with a power of 10W, the argon flow rate was
25 sccm, and 3 Pa sputtering pressure for 10min.

Device measurement
For electrical measurement, the DC test of the PRM

device was performed on an Keysight 2400 semiconductor
parameter analyzer. In pulse tests, a Keysight 33,600 A
pulse generator served as the power source, and a RIGOL
DS6104 oscilloscope was chosen to monitor electrical
pulse signals.

Intelligent driving system
The system mainly consists of two modules, which are

built based on STM32, MCU1 is the signal receiving and
judging system, and MCU2 is the intelligent vehicle
control system, and they communicate with each other
through the Bluetooth module. The device connects to
the MCU1 system I/O port through the I–V amplifier
module, and sets the threshold through the program.
When the traffic signal lights up, the device receives and
converts the signal, MCU1 determines whether the signal

exceeds the threshold, and then sends it to MCU2
through Bluetooth to control the intelligent car, move
forward or stop (Fig. 5b–d and Supporting Information
Video).
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smart car to move forward or stop (Fig. 6c). Figure 5d
shows the motion state of the vehicle after the device
receives the signal. The initial state of the intelligent car is
the red stop state, from I to II the red light turns green
until the green light ends, and the position of the intelli-
gent car changes. II to III, the smart car is in a stopped
state, III to IV is in a forward state, IV to V is in a stopped
state, and V to VI is in a forward state (Supporting
Information Video). The scheme preliminarily proves that
PRM devices can be applied to intelligent driving to rea-
lize stable and repeatable traffic signal recognition.

Discussion
Reconfigurable memristors provide a new strategy for

dynamic distribution neural networks. We design a simple
photonics reconfigurable memristor (PRM) device, and
use light programmability to realize the mutual conver-
sion of volatile and non-volatile modes independent of
electroforming or limiting current. More importantly, the

operating voltage and current in both modes are identi-
cally, and the switching voltage can be 100% controllable
at any value without limiting current. In addition, the
stable performance of the device is demonstrated by the
volatile performance sufficient to achieve durability of 106

cycles, and the retention time of 104 s for 650 nm red light,
520 nm green light and 450 nm blue light in non-volatile
mode. We have used the PRM device to simulate the
functions of neurons and synapses, and construct appli-
cations for a single dynamic distribution neural device at
different modes of pulse spiking, short-term memory, and
long-term memory. In the neuron mode, the device uses
the pulse peak response to realize the recognition of dif-
ferent frequencies and different waveforms of light sig-
nals, and finally simulates the important information
transmission in navigation - lamp signal, the information
is transmitted in the mode of Morse code encryption, and
the device completes the real-time and fast decoding. And
realized the image recognition based on the characteristic
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of neuron frequency coding. In the synaptic STM mode,
the NVS constructed based on EPSC completed the
denoising function in the process of image recognition.
When different numbers mixed with 10% to 80% noise,
the image was accurately recognized, and the average
recognition rate was still as high as 94.31% (the highest
95.33%). The device can also realize LTM mode of
synaptic, in which the device can achieve stable state
retention. We use this mode to design an intelligent traffic
light recognition system, and complete the recognition of
the traffic signal in the intelligent car. The PRM device
provides a new idea for the realization of dynamic neural
networks in the future, and provides a new scheme for the
development of highly integrated artificial intelligence.

Materials and methods
Fabrication of PRM device
Preparation of ZnO functional layer: The graphene

bottom electrode comes from Nanjing MKNANO Tech.
Co., LTD., using magnetron sputtering to deposit about
10 nm ZnO on the graphene film, the sputtering steps are:
first, the ZnO target and silicon substrate graphene are
put into the magnetron sputtering cavity as required;
Then open the mechanical pump and molecular pump,
pump the vacuum to 2 × 10-4 Pa, turn on the RF source for
preheating. Argon: oxygen is 2:1, sputtering power is
10W, and working pressure is 3 Pa; After the pressure is
stable, pre-sputtering is carried out for 5 min to remove
surface impurities. After the pre-sputtering is completed,
the formal sputtering is carried out for 5 min. The
thickness of each layer of the device is shown in TEM Fig.
1b. The Pd top electrode was grown by DC magnetron
sputtering, assisted by a mask plate with a diameter of
100 μm, with a power of 10W, the argon flow rate was
25 sccm, and 3 Pa sputtering pressure for 10min.

Device measurement
For electrical measurement, the DC test of the PRM

device was performed on an Keysight 2400 semiconductor
parameter analyzer. In pulse tests, a Keysight 33,600 A
pulse generator served as the power source, and a RIGOL
DS6104 oscilloscope was chosen to monitor electrical
pulse signals.

Intelligent driving system
The system mainly consists of two modules, which are

built based on STM32, MCU1 is the signal receiving and
judging system, and MCU2 is the intelligent vehicle
control system, and they communicate with each other
through the Bluetooth module. The device connects to
the MCU1 system I/O port through the I–V amplifier
module, and sets the threshold through the program.
When the traffic signal lights up, the device receives and
converts the signal, MCU1 determines whether the signal

exceeds the threshold, and then sends it to MCU2
through Bluetooth to control the intelligent car, move
forward or stop (Fig. 5b–d and Supporting Information
Video).
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smart car to move forward or stop (Fig. 6c). Figure 5d
shows the motion state of the vehicle after the device
receives the signal. The initial state of the intelligent car is
the red stop state, from I to II the red light turns green
until the green light ends, and the position of the intelli-
gent car changes. II to III, the smart car is in a stopped
state, III to IV is in a forward state, IV to V is in a stopped
state, and V to VI is in a forward state (Supporting
Information Video). The scheme preliminarily proves that
PRM devices can be applied to intelligent driving to rea-
lize stable and repeatable traffic signal recognition.

Discussion
Reconfigurable memristors provide a new strategy for

dynamic distribution neural networks. We design a simple
photonics reconfigurable memristor (PRM) device, and
use light programmability to realize the mutual conver-
sion of volatile and non-volatile modes independent of
electroforming or limiting current. More importantly, the

operating voltage and current in both modes are identi-
cally, and the switching voltage can be 100% controllable
at any value without limiting current. In addition, the
stable performance of the device is demonstrated by the
volatile performance sufficient to achieve durability of 106

cycles, and the retention time of 104 s for 650 nm red light,
520 nm green light and 450 nm blue light in non-volatile
mode. We have used the PRM device to simulate the
functions of neurons and synapses, and construct appli-
cations for a single dynamic distribution neural device at
different modes of pulse spiking, short-term memory, and
long-term memory. In the neuron mode, the device uses
the pulse peak response to realize the recognition of dif-
ferent frequencies and different waveforms of light sig-
nals, and finally simulates the important information
transmission in navigation - lamp signal, the information
is transmitted in the mode of Morse code encryption, and
the device completes the real-time and fast decoding. And
realized the image recognition based on the characteristic
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Visualizing the internalization and biological
impact of nanoplastics in live intestinal organoids
by Fluorescence Lifetime Imaging
Microscopy (FLIM)
Irina A. Okkelman 1,2, Hang Zhou 1, Sergey M. Borisov 3, Angela C. Debruyne 1, Austin E. Y. T. Lefebvre 4,
Marcelo Leomil Zoccoler 5, Linglong Chen 6, Bert Devriendt 6✉ and Ruslan I. Dmitriev 1,2✉

Abstract
Increased micro- and nanoplastic (MNP) pollution poses significant health risks, yet the mechanisms of their
accumulation and effects on absorptive tissues remain poorly understood. Addressing this knowledge gap requires
tractable models coupled to dynamic live cell imaging methods, enabling multi-parameter single cell analysis. We
report a new method combining adult stem cell-derived small intestinal organoid cultures with live fluorescence
lifetime imaging microscopy (FLIM) to study MNP interactions with gut epithelium. To facilitate this, we optimized live
imaging of porcine and mouse small intestinal organoids with an ‘apical-out’ topology. Subsequently, we produced a
set of pristine MNPs based on PMMA and PS (<200 nm, doped with deep-red fluorescent dye) and evaluated their
interaction with organoids displaying controlled epithelial polarity. We found that nanoparticles interacted differently
with apical and basal membranes of the organoids and showed a species-specific pattern of cellular uptake. Using a
phasor analysis approach, we demonstrate improved sensitivity of FLIM over conventional intensity-based microscopy.
The resulting ‘fluorescence lifetime barcoding’ enabled distinguishing of different types of MNP and their interaction
sites within organoids. Finally, we studied short (1 day)- and long (3 day)-term exposure effects of PMMA and PS-based
MNPs on mitochondrial function, total cell energy budget and epithelial inflammation. We found that even pristine
MNPs could disrupt chemokine production and mitochondrial membrane potential in intestinal epithelial cells. The
presented FLIM approach will advance the study of MNP toxicity, their biological impacts on gastrointestinal tissue and
enable the tracing of other fluorescent nanoparticles in live organoid and 3D ex vivo systems.

Introduction
Plastics pervade every aspect of modern life, from

packaging and household goods to applications in agri-
culture and medicine. Their durability, versatility and
other attractive features have driven their widespread
adoption but simultaneously contribute to their resistance
to (bio)degradation. As a result, the use of slowly

degrading polymers in everyday plastic products has
resulted in the global accumulation of micro- and nano-
plastics (MNPs) across diverse ecosystems, including soils,
aquatic environments, the atmosphere, and even food
sources like meat, drinking water, and vegetables. These
MNPs interact with the biosphere in complex ways, giving
rise to an emergent ecological niche termed the ‘plasti-
sphere'1–3. Despite growing interdisciplinary efforts to
mitigate plastic pollution through environmental reme-
diation and the development of degradable polymers, the
plastisphere is poised to remain a global societal challenge
for decades to come.
Humans and animals are mainly exposed to MNPs via

inhalation and ingestion. Disturbingly, MNPs have already
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