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ARTICLE INFO ABSTRACT

Keywords:
Self-powered
Artificial retina

Artificial retina perception system is significant to pattern recognition and visual function emulation. However,
the recent artificial retina system is mainly reported on the integration of three-terminal transistors, whose
structural limitations may result in low processing speeds and high energy consumption due to a low array
density and complex line design. Furthermore, the external power source is required to drive devices so that the
power consumption of the system would increase. Here we present a self-powered artificial retina perception
system by utilizing two-terminal solar cells as artificial neurons and perovskite-based memristors as artificial
synapses, ensuring the bio-inspired retina system with extendable crossbar array structure for high-density and
low power consumption neural networks. By a light stimulation with various wavelengths and intensities, the
electrical pre-synaptic signal is generated in the solar cell and subsequently transferred to the perovskite-based
memristor to perform further information preprocessing. Especially, the applicability of the artificial retina
system to neuromorphic computing is demonstrated for contrast enhancement and noise reduction. The retina
perception system is capable of feature extraction by to implement partial functions of convolutional neural
networks (CNNs) on the hardware level with improved recognition rate, boosted recognition speed, and reduced
energy consumption.

Perovskite
Memristor
Neuromorphic computing

1. Introduction

Motivated by the mammalian eyes, the artificial visual perception
system has attracted enormous interests due to its potential application
to emulate neuromorphic functionalities such as pattern recognition,
learning, and memorization for future artificial intelligence [1-6]. In the
first part of biologically visual system, the retina with layers of neurons
connected by synapses could transform incident visible photons into
neural signals and communicated to the brain for image construction.
The preprocessing function of biological retina for further parallel and
hierarchical processing is of great significance due to its efficacy to
eliminate the useless input information, economize the memory space
and reduce the computational work of neural networks which give
direct inspiration of convolutional neural networks (CNNs) [7,8].
Hardware emulating the biological retina perception system acquires
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the integration of photodetectors functioning as neurons and artificial
synapse with various synaptic behavior [9-12]. The photodetectors
ensure the capturing of visual information by translating the light sig-
nals into pre-synaptic electrical signal [13-19]. By integrating artificial
synapses with short-term plasticity (STP) and long-term plasticity (LTP),
first-stage data processing and memory can be achieved [4].

Recently, the integration of the three-terminal transistor based
photosensor and synapse to resemble artificial retina system has
attracted considerable attention due to their nondestructive read-out
behavior, which is attributed to the completely separated terminals for
reading (drain) and writing (gate) [5]. The sensing transistor such as
optoelectronic organic thin film transistor connected with neuro-
morphic transistor, including electrochemical transistor and flash
memory, has been reported to fabricate bio-inspired visual perception
systems [5]. However, the structural limitations of these three-terminal
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devices, such as a low array density and complex line design, may result
in low processing speeds and high energy consumption of the entire
system [20]. Furthermore, the external power source is required to drive
the optical sensor and artificial synapse so that the power consumption
of the system would increase [11,21].

Utilizing the two-terminal structure of self-powered photodetectors
as artificial neurons and memristors as artificial synapses ensures the
bio-inspired retina system to be extendable to crossbar array structure
for high-density and low power consumption neural network, while
which has not been realized yet. In this work, we designed a self-
powered artificial retina system via the integration of silicon solar
cells and halide perovskite memristors. The two-terminal structure of
both photovoltaic cells and memristors ensures the bio-inspired retina
system to be extendable to crossbar array structure for high-density
neural networks. The artificial retina perception system could be self-
powered and exhibit broadband response ranging from visible and
near-infrared light due to the excellent photovoltaic conversion capa-
bility of polycrystalline silicon solar cells. With the modified structure of
ITO/CsPbBrsl/poly(3-hexylthiophene) (P3HT)/Ag, both the low oper-
ating voltage of ~ 0.4 V and the decay process of perovskite-based
memristor was realized, allowing the bi-modal STP-LTP functionality
and efficiently light-initiated weight-updating process. By a light stim-
ulation with various wavelengths and intensities, the electrical output
signal is generated in the solar cell and subsequently transferred to the
perovskite-based memristor to perform information preprocessing.
Especially, through real-time training and testing processes, the appli-
cability of the artificial retina system to neuromorphic computing is
demonstrated for the contrast enhancement and noise reduction. The
retina perception system is capable of feature extraction and classifica-
tion by elementary devices to complete partial functions of CNNs with
improved recognition rate, boosted recognition speed, and reduced en-
ergy consumption. High recognition rate of ~ 86% can be implemented
within 180 training epochs after the introduction of our self-powered
artificial retina perception system. The proposed self-powered artifi-
cial retina system is expected to be an important steppingstone to the
development of the internet of things and edge computing.

2. Experimental section
2.1. ITO/perovskite/P3HT/Ag memristor fabrication

ITO transparent conducting substrates were cleaned by sequential
30 min sonication in warm deionized water, acetone, and isopropanol.
After being dried under a nitrogen flow at atmospheric pressure, the
substrates were treated with UV-ozone for 10 min. The perovskite
CsPbBryl precursor solution was immediately spin-coated onto the
substrate at 500 rpm for 5 s, then 2000 rpm for 30 s. The perovskite
CsPbBrol precursor solution was formed by mixing 0.461 g of Pbly,
0.367 g PbBry and 0.425 g of CsBr into 4 mL dimethyl sulfoxide (DMSO)
and N,N-dimethylformamide (DMF) mixed solvent (Vpymso: Vpmr = 1:1).
The P3HT solution was then spin-coated on the perovskite layer and the
combination was baked at 100 °C for 20 min. Finally, 100 nm of Ag was
deposited as top electrode by thermal evaporation.

2.2. Polycrystalline silicon solar cells fabrication

Semi-finished devices with a SiNy/n-Si/p-Si/Al configuration were
bought from Tian-Si New Energy Company. DuPont PV18H silver paste
was screen-printed on semi-finished devices. Then calcination process
was performed in a seven-section meshbelt furnace, which was designed
by ourselves and assembled by Hefei Ke-Jing Materials Technology
Company.

2.3. Film and device characterization

The crystal structure of CsPbBrol films were certified using a Bruker

Nano Energy 78 (2020) 105246

D8 Advance powder X-ray diffractometer equipped with Cu Ko radiation
with a two-dimensional detector. The scan range of 20 was from 5 to 50°,
and the scan step of 20 was 0.02°.

The morphology of thin films and the interface of ITO/Perovskite/
P3HT/Ag memristor were captured using a field emission scanning
electron microscope (Carl Zeiss MERLIN Compact).

The infrared transmittance spectra were carried out by FT-IR spec-
trometer (PerkinElmer, Frontier).

The interface of Perovskite/P3HT/Ag was analyzed by transmission
electron microscope (TEM, FEI Tecnai G2 F30). The energy dispersive X-
ray spectroscopy (EDX) was employed to analyze the element distribu-
tion of C, Br and I. The sample of the interface of Perovskite/P3HT/Ag
for TEM was prepared by Focused Ion Beam (FIB, FEI, Scios) followed by
Ion Beam Modulating.

The -V curves and the synaptic functions for the memristor were
conducted by a semiconductor parameter analyzer (Keysight B2902A).
Electrical bias was applied to the TE while the BE was grounded. The
synaptic plasticity such as SVDP, SDDP, SFDP, PPF index, ITDP, IIDP,
and IWDP were tested with each condition using three devices whose
initial states were proved to be close by a reading voltage of 0.01 V.
Then, the averaged value was calculated and used from the data of three
devices.

The EQE of Polycrystalline silicon solar cells was tested by a QE
measurement system (ABET TECHNOLOGIES, AB6000).

Synaptic functions under different irradiation intensity and wave-
length were achieved by a solar simulator (Zolix, 150W), and a tunable-
power LEDs source (LASERWAVE, CLASS 1V), respectively. The irradi-
ation intensity was certified by a laser power meter (Beijing Yanbang,
VLP-2000), which was calibrated by a standard silicon reference solar
cell.

3. Results and discussion

3.1. Design of self-powered artificial retina system, device fabrication and
characterization

The biological visual system contains the retina, optic nerves and the
visual center (Fig. 1A: a). Neurons in the retina such as rods and corns,
playing a role as visual perception receptor, could receive and convert
external optical signals into electrical signals through photonic-to-
electronic conversion. Then these signals were transferred to bipolar
retinal cells by electronic-to-ionic conversion (synapses in Fig. 1A: b)
[22]. Subsequently, synapses readout, process and memorize the signal
from neuron with synaptic plasticity (Fig. 1A: c). After information
preprocessed by the retina, visual signals are then sent to the primary
visual cortex, or the V1 area, relayed by the lateral geniculate nucleus
(LGNs) (Fig. 1A: a). The visual center is information processing and
recognition center, and finally implements learning and forms
memorization.

Our self-powered artificial retina perception system is composed of
photodetectors and artificial synapses. It could sense information which
is analogue to light-tunable neural signals with time-dependent plas-
ticity, allowing the partial CNN functions of image processing, such as
noise reduction (Fig. 1A: d). The photodetector in our system is based on
two-terminal silicon solar cells to serve as rods and cones in the artificial
retina for receiving the external optical signals and converting them into
electrical signals (Fig. 1A: e) [23]. Artificial synapses in our system are
based on perovskite-based memristors. Perovskite-based memristors
connecting with solar cells are then powered by photovoltaic energy
harvested from the input light to work as optic-neural synapses (Fig. 1A:
f). In our perovskite-based synaptic devices, the TE and BE respectively
serve as pre-synaptic input and post-synaptic output, while the change of
conductance/resistance of halide perovskite film is regarded as the
potentiation or depression of the synaptic weight. Therefore, after light
signals being transformed into pre-synaptic spikes to stimulate the
memristor, the post-synaptic current companied with changes of the
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Fig. 1. Design of Self-powered Artificial Retina System, Device Fabrication and Characterization. (A) The biological and artificial visual system. a: The biological
visual system consisting of the retina (receiving and preprocessing), optic nerves (transmitting), and the visual center (processing and memory system); b: a schematic
image of the retina; c: the schematic illustration of biological synapses between rods (or cones) and bipolar retinal cells; d: the artificial visual system consisting of
solar cells (working as the retina), perovskite memristors (working as synapses), and ANNs (working as the visual center); the output of post-synaptic current can
secondarily input into ANNS; e: solar cells; f: devices with conductive filaments; g: ANNs. (B) XRD spectra of perovskite films spin-coated on glass substrate with peaks
assigned to the orthorhombic phase. (C) Top-view SEM images of annealed perovskite films with P3HT passivation. (D) A cross-sectional SEM image of ITO/

CsPbBr,I/P3HT/Ag memristors.

conductance/resistance of perovskite-based memristors can be ob-
tained. Finally, the post-synaptic current can be secondarily input into
artificial neural networks (ANNs) which work as the visual center
(Fig. 1A: g). The pattern recognition is achieved in ANNs by the gradient
descent iteration method.

Memristive devices based on halide perovskites have drawn great
attention owing to the feasibility of low-cost solution processing and
excellent memristive behavior arising from their intrinsic ionic migra-
tion characteristics (briefly summarized in Table S1) [24-31]. In terms
of plasticity timescale, synapses with LTP and STP signify the neural
foundation for memory formation and experience acquisition. However,
the second-to-minute level of LTP time scale of non-passivated mem-
ristor limits their implementation as reliable STP-LTP devices [32]. First,
to obtain reliable synaptic functions, the structure of perovskite synaptic
memristor was delicately designed as ITO/CsPbBr,I/P3HT/Ag (shown
in Fig. S1). The perovskite CsPbBr;I was used as active layer because of
the unstability of CsPbl3 and the low ON/OFF ratio of CsPbBr3 devices
[33,34]. The perovskite CsPbBrsl precursor solution was spin-coated to
form an active layer. Then an ultrathin P3HT layer was deposited onto
the perovskite layer to passivate the surface of perovskite film. Finally,
60 nm Ag TE was evaporated to obtain crossbar arrays. The Ag electrode
was employed instead of the Au electrode in memristors due to the low
operating voltage of ITO/Perovskite/Ag devices (Table S1).

The perovskite film was confirmed to be the orthorhombic phase via
a standard X-ray diffraction (XRD) patterns analysis (Fig. 1B). The peaks
at 20 = 12.66, 14.86, 21.16, 30.07, 33.78, 37.03, 38.78 and 43.16 are
assigned to the (101), (110), (112), (220), (130), (312), (124) and (224)
planes of the orthorhombic phase (ICDD: 01-02707929) of the

perovskite, respectively. Similar results can be found in the previous
reports [35]. According to the top-viewed scanning electron microscope
(SEM) images (Fig. S2), perovskite films exhibit high-surface coverage
with small grain size less than 300 nm which exhibits negligible varia-
tion after P3HT passivation (Fig. 1C). The thickness of the perovskite
layer is verified by the cross-sectional SEM to be ~ 150 nm (Fig. 1D)
while the P3HT layer is too thin to be directly distinguished by SEM. The
existence of P3HT passivation layer was verified by the infrared trans-
mittance spectra (Fig. S3). Compared with the non-passivated perovskite
film, the P3HT passivated perovskite film shows evolutionary absorp-
tion peaks in Region A (1460 cm'l) and Region B (2853 and 2924 cm'l)
which are assigned to the C-H asymmetric bending vibration (1460
cm™) and stretching vibration (2853 and 2924 cm™) in (-CHs-) of P3HT
[36].

3.2. Effect of passivation process on synaptic plasticity of memristors

The typical current-voltage (IV) curves of the perovskite-based de-
vices with and without P3HT passivation by grounding the ITO (BE) and
exerting the voltage on the top Ag electrode (TE) are obtained as dis-
played in Fig. 2A and 2B. Different from devices which show sudden
conductance variation in resistive random access memories (RRAMs)
with binary states, the conductance of perovskite-based memristor
varies gradually under both positive and negative sweeps which are
fingerprint for synaptic memristors. Devices without P3HT-passivation
present memristive characteristics with almost no hysteresis (ON/OFF
ratio ~ 1.2) and limited conductivity states (Fig. 2A). After passivating
with P3HT, the hysteresis opens (ON/OFF ratio > 10) in the IV curve of
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the P3HT-passivated process induced by setting and resetting processes. (C) EPS!

emristive characteristics of the perovskite-based memristors without (A) and with (B)
C triggered by an applied external pulse for the perovskite-based memristors without

(blue) and with (pink) the P3HT-passivated layer. (D) Top: The schematic diagram of high-defect density state (HDS) and low-defect density state (LDS) for
perovskite-based memristors before (left) and after (right) P3HT passivation. The red and blue points represent antisite defects and under-coordinated Cs" ions,

respectively. Below: The schematic diagram of activation energy distribution fo:
Arrhenius plots of resistance in perovskite-based memristors without (top) and

r the ion migration in perovskite-based memristors under HDS or LDS condition. (E)
with P3HT-passivated layer. Activation energy of halogenic ions was calculated by

fitting the linear region. (F) TEM images and EDS profiles of the cross-section of perovskite devices before (left) and after (right) applying a SET process to form LTP

(yellow line: position EDS line profile).

devices and the conductivity states can be tuned in a much wider range
(Fig. 2B). Those phenomena may attribute to the eliminated Ag pene-
tration from perovskite films during vacuum evaporation and reduced
initial operating current for P3HT-passivated devices. Contrastively,
P3HT-only devices almost have no memristive behaviors (Fig. S4).
Significantly, P3HT-passivated perovskite-based devices could achieve a
low and narrow-distributed SET voltage around 0.4 V. When consecu-
tive negative sweeps from 0 to - 0.8 V were applied, the decreased
current trend could be observed during RESET processes. In addition,
P3HT-passivated perovskite-based devices show good stability, reli-
ability (good device yield > 98%) and uniformity (Figs. S5 and S6). Most
of P3HT passivated devices can perform well after preserving in glove-
box for four months (Fig. S5). However, when the P3HT is too thick,
memristors will have high operating voltage of >1.2 V and be unsuitable
to be powered by solar cells (Fig. S4).

In our synaptic memristors, the TE and BE are analogues of the
presynaptic and postsynaptic neuron terminals, respectively. The
excitatory postsynaptic current (EPSC) of the memristor triggered by the
presynaptic spikes is perceived as the change of synaptic weight,

because the real-time change of resistance/conductivity can be pre-
sented for memristors. After electrical stimulation applying electrical
pulse with the amplitude of 0.65 V and the duration of 0.3 s, for the non-
passivated memristor, the excitatory postsynaptic current (EPSC) first
increases sharply to a much higher current level than the base line which
can be explained that a temporary formation of halogenic vacancy (V!
and V[“) conduction channel [37]. Subsequently, the EPSC suddenly
drops back to its lower state due to the back-diffusion of halogenic ions.
This current decreasing is very fast without decay process and cannot
recover to its original states (Fig. 2C). It should be noting that
non-passivated perovskite memristor with such electrical performance is
hard to be modulated consecutively to realize synaptic plasticity and
STP-LTP transition by adjusting the amplitude/frequency of voltage
pulses. While after passivating with a thin P3HT layer, perovskite
memristors exhibit the obvious decay process of EPSC which could re-
turn to its original states after removal of external bias, which ensures
the STP-LTP functions for efficient weight-updating (Fig. 2C).

These results led us to hypothesize that P3HT passivation not only
influences halogenic ion (Br and I) migration rate, but also inhibits the
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reaction between the Ag electrode and the halogenic ion (Br and I) for
the possible formation of silver halides. First, the occurrence of decay
process in P3HT-passivated perovskite device stems from the slow
rupture of halogenic vacancy (V! and V;!) conductive filaments due to

the sleepy back-diffusion of halogenic ions. According to the Arrhenius

equation: k = "BTTe*%“T, where kg is the Boltzmann constant, T is the

temperature, h is the reduced Planck constant, E, stands for the activa-
tion energy of ions, and R represents the ideal gas constant [38], the
decay process of synaptic devices is positively correlated to the E; of
halogenic ions. The activation energy distribution of the halogenic va-
cancy is presented in Fig. 2D. There are many positively charged defects
such as under-coordinated Cs* ions (V! and V;1) and antisite defects
(Br;b3 and I;l;”) in the perovskite crystal. These positively charged defects
mainly distribute on the surface of perovskite crystals and induce
high-defect density state (HDS), which could provide many available
trapping sites for halogenic ions to form conductive switching filaments.
Therefore, the E, is low on the surface of perovskite crystals (Fig. 2D: I,
HDS). After passivated by P3HT, positively charged defects on the sur-
face of perovskite crystals decrease, so that available sites for halogenic
ions migration decrease to induce a medium value of E, (Fig. 2D: II,
low-defect density state (LDS)). In P3HT layer, available sites are very
limited so that the highest E;, is achieved. The average E; in
perovskite-based devices could be calculated to support our hypothesis
(Fig. 2E). When the temperature changed gradually, the E; could be
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acquired by fitting Arrhenius plots according to the equation: InR(T) =
InRy + f—; [39,40]. In this equation, R is the resistance, Ry is the
pre-exponential factor, k represents the Boltzmann constant, and T is the
absolute temperature. The average E, are calculated to be 0.02 and 0.27
eV for perovskite-based devices without and with P3HT-passivated
layer, respectively. The ions with higher E; migrate much slowly to
induce the sluggish formation and rupture processes of conductive fil-
aments and subsequently decay process, so P3HT-passivated perovskite
devices have the capacity of realizing synaptic plasticity and STP-LTP
transition.

Furthermore, as halogenic ions migrating to contact with the silver
electrode in non-passivated perovskite-based memristors under external
bias, the possible formation of silver halide makes the EPSC hard to
return to its initial state [41]. The P3HT layer could serve as a reservoir
to trap mobile ions and suppress the formation of silver halide during the
SET process [42]. As demonstrated in Fig. 2F and Fig. S7, energy
dispersive spectroscopy (EDS) line profiles of transmission electron
microscope (TEM) images (Fig. S8) were employed to detect halogen in
perovskite and P3HT layers. Before a set process, there are few halogens
in P3HT layer (Fig. 2F: left). Comparatively, halogenic ions can be
detected in the P3HT layer after the set process (Fig. 2F: right). There is
no clear observation of voltage-induced migration of Ag™ ion. This result
also proves that memristive characteristics are contributed from the
migration of halogenic ions.
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3.3. Synaptic plasticity of perovskite-based artificial synapses

The P3HT-passivated perovskite memristor can be programmed with
history-dependent resistance states and reliable state-maintenance
capability, which allows us to emulate the learning and memory func-
tions of the human brain including STP and LTP by controlling the
duration/amplitude/frequency of input voltage. Fig. 3A shows the EPSC
under electrical stimuli with a fixed amplitude of 0.65 V and different
pulse width ranging from 0.1 s to 1.1 s. The peak value of EPSC gradually
increases as the pulse width increases, indicating that a longer duration
for a single stimulus will result in larger synaptic weight, that is, the
higher synaptic connection strength could be achieved. This character-
istic of the perovskite-based artificial synapse is also known as spike-
duration dependent plasticity (SDDP) [40]. As shown in Fig. 3B, under
fixed pulse width, EPSC gradually increases as the amplitude of voltage
increases, implying that perovskite-based artificial synapse has the
function of spike-voltage dependent plasticity (SVDP). The STP-LTP
transition can be achieved by stimulating the device with longer dura-
tion than 0.5 ms and higher voltage than 0.8 V. While non-passivated
memristors exhibit no decay process of EPSC even though input
voltage varies in the wide range (Fig. S9).

The spike-frequency dependent plasticity (SFDP) of perovskite-based
synaptic devices is known as an extended form of Hebbian learning,
which is closely related to learning, associative memory, and forgetting
[43,44]. In biological synapses, the second stimulus will be enhanced by
the first stimulus within a short interval, when consecutive stimuli are
exerted. Analogously, the second change of film conductivity is also
dependent on the paired-pulse interval (At) in perovskite-based artificial
synapses. Ten synaptic spikes with various frequencies (1.7 to 100 Hz)
were applied to devices and evaluated the paired-pulse facilitation (PPF)
for STP of the artificial synapse (Fig. 3C and Fig. S10). When the spike
frequency enhances, the EPSC increases because of the accelerated ion
migration and the suppressed ion back-diffusion under the high-rate
pulses. The relation of synaptic weight change and At is commonly
evaluated by a PPF index as described in Fig. 3D. The PPF index can be
calculated from equation (A2-A1)/Al, where Al and A2 are the peak
value of the first and second pulse responses, respectively. The PPF in-
creases from 1.3% to 17.4%, as At decreased from 600 to 10 ms. Then
the data was fitted with the equation of double-exponential function:

1 72

PPF = C; exp( L) + Czexp( —L) [45]. The characteristic time con-

stants of the rapid (r1) and slow (7o) phases are fitted to be 0.042 and
1.79s.

Fig. 3E illuminates a continuous long-term potentiation process of
the postsynaptic current with the accumulation of spike number in
which the 100 times repeated training process of the positive spike
(spike magnitude, 0.4 V; spike width, 100 ms; spike interval, 100 ms)
was carried out. The postsynaptic current increases from 0.9 to 16.0 mA.
The continuous long-term depression process is also conducted through
the 100 times repeated training process of the negative spike (spike
magnitude, —0.4 V; spike width, 100 ms; spike interval, 100 ms). The
current decreases gradually from 11.8 to 3.5 mA, as presented in Fig. 3F.
In the biological neuron system, the potentiation effect is helpful to the
learning and memory process. The depression effect also plays a sig-
nificant role in selectively forgetting weak specific synapse [46].

Spike-time-dependent plasticity (STDP) can evaluate temporal cor-
relations between the pre-synaptic and post-synaptic spikes which is
considered as one pivotal rule of Hebbian learning [43,47]. Based on
Hebb’s theory, the connection strength of synapse becomes stronger,
when two neurons simultaneously receive stimuli. Generally, the STDP
illustrates the time-dependent relationship between the spikes and the
connection strength of the synapse. The connection strength shows
characteristic variation when a presynaptic spike precedes/lags the
postsynaptic spike. Thus, it can significantly affect the long-term syn-
aptic modification. In biological synapses, various forms of STDP are
verified with different functions referring to the information processing
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and storage [48]. First, the presynaptic spike (spike magnitude, 0.7 V;
spike width, 1 s) and the postsynaptic spike (spike magnitude, —0.3 V;
spike width, 1 s) generated by the semiconductor analyzer are applied to
our artificial synapse to achieve the symmetric Hebbian learning rule
(Fig. 3G: a and Fig. S11) [28,49,50]. When two stimuli occur simulta-
neously (At = 0, At = tpost — tpre), the synaptic weight (AW) obtain the
largest enhancement compared with other conditions, indicating the
formation of the strongest synaptic connection. When the pre-synaptic
spike precedes the postsynaptic spike (At > 0) or lags the postsynaptic
spike (At < 0), all synaptic weight variations (AW) weaken as the in-
terval increases. The symmetric anti-Hebbian learning rule is also ach-
ieved by applying the reverse presynaptic spike (spike magnitude, —0.7
V; spike width, 1 s) and the reverse postsynaptic spike (spike magnitude,
0.3 V; spike width, 1 s). The similar result was observed with the
depressed synaptic weight instead of the excited one for the symmetric
anti-Hebbian learning case (Fig. 3G: b). The relationship between AW

and At can be fitted by the Gaussian function AW = Aefzi_g2 + Wy [51]. In
this equation, A and 7 stand for the scaling factor and time constant of
the exponential function, respectively. The 7 is calculated to be 66 and
89 ms in the symmetric Hebbian and anti-Hebbian learning case,
respectively.

3.4. Synaptic plasticity of artificial synapses powered by solar cells

Next, P3HT-passivated perovskite synaptic memristors were con-
nected with silicon solar cells to fabricate the self-powered artificial
retina system. Recently, the self-powered design to harvest energy from
a locally available source, such as piezoelectric and triboelectric devices
[52], biofuel cells [53,54], thermoelectric devices [55], and photovol-
taic cells [56-59], has a rapid growth in electronics. Generally, a full-sun
intensity (100 mW/cmz) was used for solar cells in these self-powered
systems, including those providing power for both electronic devices
and capacitors [56-59]. Si solar cells are employed to power memory
and synaptic devices by converting the external light to the electricity in
our system. Solar cells act as diodes and have rectification effects, which
may make reduce sneak path in crossbar arrays [60]. Exposure to the
light source induces the solar cell to generate a voltage spike. The
open-circuit voltage (V,) of Si solar cells is of ~ 0.5 V under simulated
solar irradiation with various light intensities (Fig. S12a), while V, is of
~ 0.4 V under illumination with various wavelengths and a fixed in-
tensity of 40 mW/cm? (Fig. S12b). The variation of V, is originated
from the parallel resistance effect which is nonnegligible since the
photocurrent density is low [61]. When powering the circuit, our solar
cells can supply positive voltages from their back-aluminum electrodes
or negative voltages from their front-silver electrodes. The
perovskite-based memristor acts as the synapse between rods (or cones)
and bipolar retinal cells (Fig. 4A). Similar to being driven by electrical
power, the top electrode, the perovskite film, and the bottom electrode
of perovskite-based memristors play roles of the pre-synapse, the syn-
aptic connection strength, and the post-synapse in synapses, respec-
tively. As schematized in Fig. 4B, a shutter was used to control light
input. When the light acts on a photovoltaic cell, the photovoltaic energy
generates and its back-aluminum electrode provides positive voltage as
pre-synaptic stimuli for the TE of perovskite-based memristors [27,29].
Simultaneously, the output current can be detected, collected and
recorded by a device current waveform analyzer. The change of synaptic
weight can be detected and calculated from the pre-spike and post-spike
current by a low read voltage of 0.01 V. The test system for our
self-driven artificial optic-neural system composed of solar cells and
memristors is shown in Fig. S13.

The irradiation-time-dependent plasticity (ITDP) of artificial optic-
neural synapses which is corresponding to the response of eyes with
the quick glance or the long gaze was then resembled by the self-driven
artificial retina system (Fig. 4C). The output current increases as the
increased irradiation time. In addition, longer irradiation time was



X. Yang et al.

Rods and cones

Pre-synapse

.
)

£ ..o —Vesicle

. <. Neurotransmitter
Ligand gated

Ca? +%,
A ' : ‘ ion channel

A

Post-synapse
Bipolar retinal cells

® Halide ion
® Halide vacancy

Nano Energy 78 (2020) 105246

State II: shutter ope T )
Pre-synapse Pre-synaptic pulse

e State |: shutter clGSad, sl * Input
‘ﬁ:. S erc :
"
-
.
Post-synapse V¥ Output

Post-synaptic current

1.0 25 —
Irradiation duration Irradiation intensity Irradiation wavelength
208 22'0' (mW/cm?2) z (nm)
Eos E15 so | £ 8og | 280
£ 10, 0 |- 637
204 0.1s 3s g 30 2051
5 —_— 305 20 | Ehe 520‘
00.2_ o i1 | o 1445
0.1 I l glL—_th__‘ 0.1 k“__‘__
0.0+ v - 0.0 - 0.0 : : : ; .
0 4 6 8 10 0 10 20 30 40 50 60 10 20 30 40 50 60
Time (s) Time (s) Time (s)
0.6
F 16.7 Pulse frequency G H
0.51 125 101 " 104
. 79533252 131 o5 U z A -
< ; : \ <
go4 E | ‘ | H
€03 € €
o2 gs- H E °
3% 3 3
0.1
0.0 - 0- I o
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
Time (s) Time (s) Time (s)
‘ . ~60 ° -
Pre-synaptic pulse @ 0
: = . @ ]
2y aa®» 2 2
— - S LLightoff 849 2-20
— = 0307 () °
— e =
< L3 (=) [+)] 0]
toost-pre ™ s o £-4o b2
Post-synaptic pulse i . | i i i i . . i
11 30 -20 10 0 10 20 30 -3 20 -10 0 10 20 30

Time oz pre (S) Time5¢.pre (S)

Fig. 4. Synaptic Plasticity of Artificial Synapses Powered by Solar Cells. (A) The schematic illustration of biological synapses between rods (or cones) and bipolar
retinal cells. (B) The illustration of self-powered artificial synapses of the retina perception system based on halide perovskite memristors. (C) EPSC according to the
irradiation duration from 0.1 to 3 s (irradiation intensity: 40 mW/cm?). (D) EPSC according to the irradiation intensity (irradiation duration: 0.5 s). (E) EPSC ac-
cording to the irradiation wavelength (irradiation intensity: 40 mW/cm?; irradiation duration, 0.5 s). (F) EPSC according to the light irradiation frequency from 0.2 to
16.7 Hz (irradiation intensity, 40 mW/cm?; irradiation duration, 0.5 s). (G) Emulated EPSC plasticity using the positive open-circuit voltage of photovoltaic cells (60
mW/cmz, 0.1 s duration with 0.1 s interval). (H) Emulated EPSC plasticity using the negative open-circuit voltage (60 mW/cmz, 0.1 s duration with 0.1 s interval). (I)
The schematic diagram of our self-powered artificial retina perception system applied for STDP-like behaviors. Pre-synaptic and post-synaptic spikes are also given
beside (irradiation intensity, 60 mW/cm?). Implementation of STDP-like behaviors in our self-powered artificial retina perception system: (J) the symmetric Hebbian

rule, and (K) the symmetric anti-Hebbian rule.

applied to self-driven artificial optic-neural synapses, and the expectant
LTP was observed (Fig. S14). Next, the irradiation-intensity-dependent
plasticity (IIDP) and irradiation-wavelength-dependent plasticity
(IWDP) were also investigated for the self-driven artificial retina system.
Fig. 4D and 4E shows the output current as the function of illumination
intensity and wavelength, respectively. The EPSC increases as the
increased irradiance from 20 to 60 mW/cm? and increased wavelength
from 445 nm to 980 nm. By employing optical stimuli with relatively
short wavelength and low intensity, the synaptic device is switched to a
more conductive state, generates a current spike, and then decays to its

initial state (STP). Conversely, the light illumination with high intensity
and long wavelength gives rise to an enhanced synaptic strength with
long relaxation time and a large spike current (LTP), since both V. and
short-circuit current density (Js) of silicon solar cell are improved
(Fig. S12). According to the external quantum efficiency (EQE) of
polycrystalline Si solar cells (Fig. S15), when irradiance is 40 mW/cmz,
numbers of photogenerated electrons in polycrystalline Si solar cells are
calculated to be 7.6 x 10'%, 9.3 x 106, 1.14 x 10'7, 1.41 x 107, and
1.62 x 10" for input light of 445 (blue), 520 (green), 637 (red), 808 and
980 (NIR) nm, respectively (Table S2). This result indicates that stronger



X. Yang et al.

pre-synaptic spikes can be obtained under longer wavelength illumina-
tion, verifying the origin of IWDP as well as the redshift-enhanced-effect
of synaptic strength for our self-driven artificial retina system. To pre-
clude the memristive effect of photovoltaic cells for synaptic weight
updating, the irradiation pulse was applied to a photovoltaic-cell-only
circuit. The abrupt current drop without decay was observed in the
photovoltaic-cell-only system (Fig. S16), so that the variation of synaptic
weight is confirmed to be only originated from the conductance/resis-
tance state change in perovskites memristor in our system. It should be
noted that the changing trend of the photovoltage and the photocurrent
are consistent for variable parameters of both irradiation intensities and
irradiation wavelengths. Therefore, changes of both photovoltage and
photocurrent of solar cells are beneficial to the resistance change of
memristors and the achievement of synaptic plasticity of our artificial
synapses.

We also examined the irradiation-frequency-dependent plasticity
(0.2 to 16.7 Hz) for the self-driven artificial retina system (Fig. 4F and
Fig. S17). The EPSC increases as the increased optical pulse frequency
owing to the improved ion migration and the suppressed ion back-
diffusion under the high-rate optical pulses. PPF index is calculated to
be from 0.75% to 3.76%, as At decreased from 5000 to 60 ms (Fig. S18).
The time constants of the rapid and slow phases were fitted to be 0.207
and 3.228s. Fig. 4G shows a continuous potentiation process of the EPSC
with the accumulation of optical pulses, known as irradiation-number-
dependent plasticity (INDP). When 100 light pulses (pulse magnitude,
60 mW/cmZ; pulse width, 1.0 s; pulse interval, 1.5 s) generate positive
Voc (connected the back-aluminum/front-silver electrode of solar cells
with the Ag/ITO electrode of memristors) was repeatedly applied, the
EPSC exhibited strong enhancement from 4.9 to 10.1 mA. When the 100
optical pulses to generate negative V,. was applied (connected front-
silver/back-aluminum electrode of the solar cell with Ag/ITO elec-
trode of the memristor), the system presented continuous depression
(Fig. 4H) with EPSC decreased from 10.3 to 4.4 mA.

Spike-time-dependent plasticity (STDP) rules were further emulated
in the self-driven artificial retina system. The presynaptic spike applied
to the Ag electrode and the postsynaptic spike applied to the ITO elec-
trode were alternatively generated by two tandem silicon solar cells
(Fig. 41 and Fig. S19). Two shutters are employed to control the time-
sequence of presynaptic and postsynaptic spikes. When the shutter
adjacent to Ag electrode is open and another shutter adjacent to ITO
electrode is closed, the presynaptic spike will be generated by the solar
cell under irradiation (spike magnitude, 50 mA/cm?% spike width, 30 s),
while another solar cell worked as a resistance (Fig. S20). After the
setting time internal (At > 0), another shutter is opened to a produce
postsynaptic spike applying to the ITO electrode. As a result, the sym-
metric Hebbian learning rule was realized, when the anode of the
photovoltaic cell connected to the Ag electrode and the cathode con-
nected to the ITO electrode (Fig. 4J). The symmetric anti-Hebbian
learning rule was also verified, as the cathode of the photovoltaic cell
connected to the Ag electrode and the anode connected to the ITO
electrode (Fig. 4K). Weight changes in both symmetric Hebbian and
anti-Hebbian learning cases were predominant, as intervals decreased.
The largest weight change is also observed at the condition that two
stimuli occurred simultaneously. The 7 is calculated to be 6.5 and 13.1 s
in the symmetric Hebbian and anti-Hebbian learning case, respectively.

3.5. Self-powered artificial retina perception system and capabilities of
image preprocessing

In the process of artificial neural networks for pattern recognition,
there are five different tasks for the image processing chain including
image preprocessing, data reduction, segmentation, object recognition,
and image understanding [8]. Among these tasks, the image pre-
processing, one of the main characteristics of the biological retina, can
realize perfect feature extraction and classification, and make a high
image recognition rate with few epochs in the subsequent recognition
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process. CNNs are usually used to carry out image preprocessing, and
attain pattern recognition with a postprocess of full connection [62,63].
Fig. 5A illuminates the recognition process of figure “4” by CNNs.
Alternatively, our self-powered artificial retina perception system,
consisting of solar cells and perovskite memristors, can realize the image
preprocessing on the hardware level, and realize final pattern recogni-
tion with the assistance of ANNs (Fig. 5B). First, external optical signals
are input into solar cell arrays (Fig. 5B: left hemisphere containing blue
squares), converted into electrical signals (presynaptic spikes). Subse-
quently, perovskite memristor arrays receive presynaptic spikes
(Fig. 5B: right hemisphere containing dark yellow squares), generate
temporary memory information and proceed image preprocessing.
Finally, the first-stage output image secondarily inputs ANNs and makes
the final recognition via gradient descent iteration method.

The capacity of image preprocessing for our self-powered artificial
retina perception system based on irradiation-intensity-dependent
plasticity (IIDP) (Fig. 4D) was investigated. We employ 5 x 7 arrays
(each cross point of the array is composed of one solar cell and one
perovskite memristor, the equivalent circuit model is shown in Fig. $21)
to receive external optical signals and carry out image memorizations.
The photographic image of arrays is presented in Fig. S22. Input light
intensities are set as 0 mW/cm? (marked D, 20 mW/cm? (marked 1D, 30
mW/cm? (marked III), 40 mW/cm? (marked IV) and 60 mW/cm?
(marked V) on a solar simulator with an NREL-certified silicon reference
cell. Thus, the input optical signals can be normalized to five pixels — 0,
0.3, 0.5, 0.7 and 1 which are demonstrated by devices I, devices II,
devices III, devices IV, and devices V in the array, respectively (Fig. 6A:
left). The heart-sharp pattern image was selected as optical signals to
input to the array. After a training process (pulse width, 0.5 s; pulse
interval, 0.5 s; pulse number, repeated 20 times; Fig. S23), EPSCs of the
array can be obtained with a clear heart-sharp pattern as shown in
Fig. 6A (middle), suggesting the capacity of image memorizations with
enhanced contrast for our self-powered artificial retina perception sys-
tem. However, there are still some noisy points in the image (eg. devices
IV). After standing time lapses, EPSCs of devices stimulated by the weak
intensity light decay faster compared with that of devices stimulated by
the strong intensity light. After 50 s, the denoised effect of our self-
powered artificial retina perception system is observed (Fig. 6A: right)
in which the image contrast is further enhanced. After 2 min, almost all
of noise points are removed and an expectant heart-sharp pattern be-
comes much clear (Fig. S24). These results imply that our self-powered
artificial retina perception system has the capacity of image pre-
processing containing both contrast enhancement and noise reduction,
which is known as the feature extraction in CNNs.

Furthermore, 784 x 25 x 10 three-layered ANNs (software algo-
rithm) was constructed and applied as the full connection for the image
recognition without (Fig. S25a) and with (Fig. S25b) self-driven artifi-
cial optic-neural system. The relation between output currents and input
light intensities was firstly established for our self-powered artificial
retina perception system, according to the experimental results
(Fig. S26). Then, an image of figures “1” - “9” was used for pattern
recognition. The background noise signals of the image are composed of
light signals with different intensities normalized in a range of 0-0.7
(Fig. 6B: left). After preprocessing via our self-driven artificial optic-
neural system (hardware implementation), the result presents high-
lighted body features of figures and high-quality background noise
reduction for the output image (Fig. 6B: right). Thus, recognition after
preprocessing via our self-driven artificial optic-neural system can
achieve a higher recognition rate of 86.55% within 180 training epochs,
whereas directly recognizing in a three-layered full connection results
recognition rate of 84.85% when training epochs run up to 480 (Fig. 6C).
The image-recognition efficiency proves the quicker recognition speed
and the higher recognition rate of ANNs with our self-powered artificial
retina perception system. It should be noted that highlighted body-
feature extraction also makes our system have the potential applica-
tion as a smart detector for light [64].
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Fig. 5. Self-powered Artificial Retina Perception System. (A) The diagram of convolutional neural networks (CNNs). The input information was figure “4”. (B) The
illustration of the image preprocessing based on our self-powered artificial retina perception system and subsequent ANNs for image recognition.

Irradiation-wavelength-distinguishable image preprocessing is also
realized by our self-powered artificial retina perception system. The
training process was carried out under the 50 mW/cm? irradiation of
445 (blue), 520 (green), 637 (red) and 980 (NIR) nm (Fig. S27). The
EPSC is highest under irradiation of 980 nm, suggesting that our system
can highlight image body features via inputting NIR and reduce back-
ground noises of other wavelengths (Fig. S27). Then, the relation be-
tween EPSCs and input light wavelengths was established for our self-
powered artificial retina perception system, according to the experi-
mental results (Fig. S28). Then, an image of figures “1” - “9” was used for
pattern recognition. The background noise signals of the image are
composed of light signals with different wavelengths normalized in a
range of 0-0.7 (Fig. S29: left). After preprocessing via our self-driven
artificial optic-neural system, the output image presents highlighted
body features of figures and good background noise reduction (Fig. S29:
right). Thus, recognition after preprocessing via our self-driven artificial
optic-neural system can achieve a higher recognition rate of 86.43%
within 180 training epochs, whereas directly recognizing in a three-
layered full connection results recognition rate of 82.07% when
training epochs run up to 1260 (Fig. S30). Distinctly, our self-powered
artificial retina perception system can improve both recognition speed
and recognition rate for artificial neural networks, when the input image
contains light signals of different wavelengths with the same intensity.

In real conditions, human retina can sense both light intensities and
colors which is further emulated by our self-powered artificial retina
system. Fig. 6D displays a 3D picture to present relations between
postsynaptic currents and input light with various intensities and
wavelengths. Then, an image of figures “1” - “9” was used for pattern
recognition. The background noise signals of the image are composed of
light signals with both different intensities and different wavelengths
normalized in a range of 0-0.7 (Fig. 6E: left). After preprocessing via our
self-driven artificial optic-neural system, the output image also presents
highlighted body features of figures and good background noise reduc-
tion (Fig. 6E: right). Thus, recognition after preprocessing via our self-
driven artificial optic-neural system can achieve a higher recognition
rate of 85.63% within 180 training epochs, whereas directly recognizing

in a three-layered full connection results recognition rate of 80.83%
when training epochs run up to 1240 (Fig. S31). In addition, the
recognition rate can be further improved in more complex fashion
MNIST (Modified National Institute of Standards and Technology)
image sets (Figs. S32 and S33) for our self-driven artificial optic-neural
system. The final recognition rate can be improved from 77.31%
(without our system) to 85.45% with our system (Fig. S33). These results
indicate that our self-driven artificial optic-neural system can partly
work as CNNs to attain feature extraction, and improve recognition rate,
boost recognition speed, and reduce energy consumption.

4. Conclusions

In conclusion, we proposed a self-powered artificial retina system
based on two-terminal silicon solar cells and halide perovskite mem-
ristors which is extendable to crossbar arrays for high-density integra-
tion. The P3HT-passivated perovskite memristor is advantageous over
non-passivated memristor in its history-dependent resistance states
and reliable state-maintenance capability, which allows reliable STP to
LTP transition by controlling the duration/amplitude/frequency of
input voltage. P3HT passivation not only influences the halogenic ion
migration rate but also inhibits the reaction between the Ag electrode
and the halogenic ion for the possible formation of silver halides. Uti-
lizing this memristor as readout synapse, the self-powered artificial
retina perception system was demonstrated converting the light wave-
length and intensity information into analog, controllable EPSC signals.
Moreover, our self-powered artificial retina system can realize contrast
enhancement and noise reduction on the hardware level to partially
implement the function of CNNs for feature extraction with improved
recognition rate, boosted recognition speed, and reduced energy con-
sumption. The proposed self-powered artificial retina system is expected
to be introduced into the memory and computational center to detect
and preprocess environmental condition for the next generation robotics
and human-like sensory electronics for Internet of Things. Functions of
self-powered and information-preprocessing will make this self-powered
retina system have great potential for future artificial intelligence and
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wavelengths and intensities were considered. Left: the input image. Right: the output image based on the fitting current-wavelength-intensity curves of our self-

powered artificial retina perception system.

robotics by reducing power consumption and improving integration
density. Our self-powered artificial retina system also needs further
improvement to work under weaker light via both the new design of
device structure and the better choice of both low-operating-voltage
memristors and high-open-circuit-voltage solar cells.
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