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ABSTRACT

Machine vision systems face significant challenges in accurately extracting critical features from dim objects under complex

scenarios. Here, we demonstrate a ferroelectric-configured weight-reconfigurable photovoltaic device array for in-sensor

dynamic computing, enabling robust recognition of dim objects. A series of 2D perovskite ferroelectric nanoplates with

controllable size, high crystallinity, and excellent yield are directly synthesized. Reconfigurable and nonvolatile photovoltaics in

a graphene/ferroelectric/graphene heterostructure are modulated through switchable ferroelectric polarization. Leveraging the

ferroelectric-configured photoresponsivity, a convolution kernel optoelectronic sensor array with dynamic correlation of adjacent

units is designed for in-sensor dynamic computing. Compared with traditional static optoelectronic convolution processing, our

approach selectively amplifies subtle differences of local image pixels, enabling effective edge feature extraction even in low-

contrast scenes. Integrated with a convolutional neural network, the system significantly enhances the robustness and accuracy

of dim object detection, offering a promising platform for advanced machine vision applications.

1 | Introduction

Machine vision has emerged as a transformative technology that
enables artificial systems to perceive and interpret the physical
world. By mimicking the human visual system, it captures envi-
ronmental information through sensors and leverages advanced
algorithms to process, analyze, and comprehend data, facilitating
efficient perception and intelligent decision-making [1, 2]. By
integrating sensing, memory, and computing functionalities, in
situ data processing can be achieved, eliminating redundant data
migration. This enables an in-memory computing paradigm with
image sensing capabilities to realize in-sensor computing [3-6].

Under complex environmental conditions, accurate extraction
and interpretation of critical features from dim objects, such as
varying brightness and contrast, remains a challenge. Traditional
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optoelectronic convolution processing, where individual units
operate independently, fails to capture edge features of dim
objects. To address this issue, intelligent machine vision will
be an effective strategy by establishing dynamic correlations
among optoelectronic units, enabling the extraction of spatial
information of object features. To generate dynamic correlation
between units in response to light stimuli, new optoelectronic
materials are required. Common memristive materials such as
HfO,, TaO,, and ferroelectric materials like Hf,sZr,s0, and
AlScN, despite their non-volatile characteristics, are not well-
suited for high-performance photodetection [7-11]. Meanwhile,
high-performance photodetectors primarily emphasize sensitive
and ultrafast image sensing capabilities [12, 13]. Thus, combining
the superior photosensitivity of detection materials with the non-
volatile properties of ferroelectric materials presents a promising
approach for implementing in-sensor computing.
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The bulk photovoltaic effect (BPVE) driven by spontaneous
polarization in ferroelectric materials offers notable advantages
for in-sensor computing [14-16]. The ferroelectric field enables
reconfigurable modulation of photoresponsivity and weight
memorization [17-19]. 2D hybrid perovskite ferroelectric materi-
als, emerging members of the ferroelectric family, have shown
remarkable ferroelectric and optoelectronic properties, making
them promising candidates for advanced applications [20-22].
Current synthesis methods typically employ temperature cool-
ing crystallization, evaporative crystallization, and anti-solvent
diffusion crystallization [23-28]. However, these approaches are
limited by production efficiency (preparation times spanning
from days to months), reagent consumption, and controllability
over crystal dimensions (both thickness and planar dimensions).
Therefore, the preparation of nanoscale 2D perovskite ferro-
electrics with controlled uniformity notably remains a major
obstacle.

In this work, we directly synthesized a series of 2D perovskite
ferroelectric nanoplates using a solution-air interface floating
method, including EA,Pb;Br,, (EPB), (BA),(EA),Pb;Bry,
(BEPB), and (EA),(MA),Pb;Br,, (EMPB). The nanoplates
exhibit controllable size, good crystallinity, high yield, and
excellent reproducibility. Piezoelectric response and symmetry-
breaking characterizations confirmed intrinsic ferroelectricity
in nanoscale thin sheets. Owing to the intrinsic photosensitivity
and switchable built-in electric field, perovskite ferroelectrics
enable reconfigurable and nonvolatile photovoltaics in a
graphene/ferroelectric/graphene heterostructure. Leveraging the
reconfigurable photoresponsivity characteristics, we developed
a convolution kernel optoelectronic sensor array with dynamic
correlation of adjacent units for in-sensor dynamic computing.
This approach selectively amplifies subtle differences of adjacent
pixels, allowing edge feature extraction from low-contrast
images. When combined with a convolutional neural network
(CNN), this system demonstrates robust recognition of dim traffic
signs, which is challenging for conventional static optoelectronic
convolution processing.

2 | Results and Discussion

2.1 | Preparation and Characterization of
Perovskite Ferroelectric Nanoplates

The controllable synthesis of nano-sized 2D perovskite ferro-
electrics in large quantities remains challenging. The solution-
air interface floating growth method emerges as a promis-
ing approach, enabling the preparation of high-quality single-
crystal nanoplates with high production efficiency and cost-
effectiveness [12, 29]. As illustrated in Figure Sl1, single-
crystalline perovskite ferroelectric nanoplates were prepared
via the solution-air interface floating growth method. The pro-
cess involves freestanding self-assembly at the liquid surface,
followed by in-plane crystallization and layer-by-layer out-of-
plane crystal growth, yielding large-area, thin, and uniform
sheets (Figure S2). The formation of floating nanoplates occurs
rapidly, producing morphologies with lateral dimensions of
several tens of micrometers and thicknesses ranging from
nanometers to hundreds of nanometers. This versatile approach
enables the synthesis of various pure-phase perovskite ferro-

electric nanoplates through precise control of precursor solution
stoichiometry.

Figure 1a depicts the crystal structure of EA,Pb;Br,, (EPB). This
compound exhibits corner-sharing [PbBr,]*~ octahedra forming
an inorganic framework, which are separated by bilayers of
antiparallel organic EA* cations. The structure represents a
classic 2D Ruddlesden-Popper (RP) perovskite. The alternating
arrangement of trilayered inorganic frameworks and bilayered
organic cations creates a quantum-confined structure, with
organic layers serving as barriers and inorganic frameworks as
quantum wells. The perovskite crystallizes in the polar space
group C2cb at room temperature, featuring a highly distorted
[PbBr,]* inorganic framework [30, 31].

Figure 1b shows an optical micrograph of the EPB nanoplates
transferred onto a polydimethylsiloxane (PDMS) substrate. These
nanoplates are mainly in rectangular shape with lateral dimen-
sions of tens of micrometers, which are controlled by growth
duration. Bright/dark field examination confirms uniform mor-
phology, well-defined edges, and is free from contaminants
(Figure 1c). Scanning electron microscopy (SEM) of individual
nanoplate demonstrate flake-like morphology with sharp edges
and smooth surface devoid of grain boundaries and pinholes
(Figure 1d). Energy-dispersive X-ray spectroscopy (EDS) mapping
confirms the uniform distribution of bromine (Br), lead (Pb),
carbon (C), and nitrogen (N) elements throughout the nanoplate
(Figure 1e). Meanwhile, the EDS spectrum provides a semi-
quantitative analysis of the relative elemental content in the
material (Figure S3).

High-resolution transmission electron microscopy (HRTEM)
and selected-area electron diffraction (SAED) provided detailed
insights into the microstructure and crystallinity, as shown in
Figure 1f,g. HRTEM image of a transferred nanoplate shows
continuous lattice fringes with an interplanar spacing of 0.33 nm,
corresponding to the (0140) plane of EPB crystal structure.
The SAED pattern exhibits well-defined diffraction spots in a
regular rectangular array, confirming single-crystalline nature
and pseudo-cubic crystal symmetry [32]. X-ray diffraction (XRD)
analysis shows sharp, periodic diffraction peaks corresponding to
(0hO) planes (Figure S4). No characteristic peaks from impurities
or precursors were detected, indicating high phase purity of the
product. Regarding the chemical states and bonding environ-
ment, X-ray photoelectron spectroscopy (XPS) was carried out
(Figure 1h). A full XPS survey spectrum is provided in Figure
S5, with all major peaks (C, O, N, Pb, and Br) identified and
labeled. A brief note is included to attribute the O—C=0 and
C—O species in C 1s, and O 1s signals to adventitious surface
contamination, which forms only a thin overlayer and does
not affect the chemical-state analysis or conclusions [33]. In
contrast, the Br 3d, Pb 4f, and N 1s core levels originating from
the EPB lattice remain well defined and show no indications
of degradation. In order to calibrate the peak position of C
1s, ultraviolet photoemission spectroscopy (UPS) was performed
with the UV energy of 21.2 eV (Figure S6). According to the
results, the work function (®g, ) of EA,Pb,Br,, is approximately
4.42 eV. Using the relationship E; = 289.58 — ®g,, the corrected C
1s binding energy position is 285.16 eV [34, 35]. The N 1s spectrum
shows a single peak, attributable to the amine group (—NH3*)
of the EA* cation, with no evidence of deprotonated species,
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FIGURE 1 | Preparation and characterization of 2D perovskite ferroelectric nanoplates. (a) Crystal structure of EPB. (b,c) Optical image of EPB
nanoplates. (d) Top-view SEM image and (e) EDS mapping of a single nanoplate. Scale bar, 20 um. (f) HRTEM image and (g) the corresponding SAED
patterns of EPB nanoplates. (h) High resolution XPS spectra of C 1s, O 1s, N 1s, Pb 4f, and Br 3d core levels. (i) AFM image of EPB nanoplate with a
thickness of 67 nm. (j) Vertical PFM amplitude and (k) phase images of EPB nanoplate. (1) The phase and amplitude signals for a selected point, showing
the local PFM hysteresis loops. (m) Polarization versus electric-field signals measured with a metal-semiconductor-metal structure. (n) SHG spectra of
EPB nanoplates with different powers under an excitation wavelength of 1064 nm.
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confirming chemical integrity and phase purity. Additionally,
high-resolution XPS spectra present characteristic Br 3d and Pb
4f core-level peaks, respectively [36, 37]. The same methodology
was successfully applied to batch-produce (BA),(EA),Pb,Bry,
(BEPB) and (EA),(MA),Pb;Br,, (EMPB) nanoplates through
systematic variation of precursor stoichiometry. Meanwhile, the
same approaches were employed to conduct a thorough analysis
of the as-prepared nanoplates. Comprehensive characterization
using optical microscopy, SEM, EDS, HRTEM, SAED, and XRD
confirmed high crystalline quality, yield, and reproducibility
across all samples, establishing a robust foundation for device
fabrication. Figures S7-S9 provide characterization data.

In 2D perovskite ferroelectrics, ferroelectricity typically originates
from several mechanisms, including hydrogen bond distance,
distortion or metal ion displacement in the octahedron, and
permanent dipole molecules along a polar axis [38]. At room tem-
perature, EPB nanoplates crystallize in a ferroelectric phase with
a polar space group C2cb. For the discussion on the Curie temper-
ature of the materials, please refer to Figure S10. The EA* cations
maintain a specific orientation, stabilized by robust N—H---Br
hydrogen bonds, while the inorganic [PbBr,]*~ octahedra exhibit
distorted geometry [39]. This structural arrangement results in
the displacement of negative charge centers in the [PbBry]*"
octahedron from their ideal symmetric positions, coupled with
the tilting of positive charge centers in the organic components,
collectively generating a nonzero spontaneous polarization in
EPB [23, 31].

To validate the ferroelectric properties, we transferred a randomly
selected as-prepared nanoplate onto a gold-film-coated substrate.
Piezoresponse force microscopy (PFM) was employed to inves-
tigate the ferroelectric behavior of a nanoplate with a thickness
of approximately 67 nm (Figure 1i). Prior to the formal measure-
ments, PFM was performed by sweeping the AC frequency to
track the resonance frequency (Figure S11). The results show a
typical frequency dependence of the PFM amplitude. Nanoscale
amplitude and phase images were acquired by PFM and exhibited
distinct contrast (Figure 1j,k). The phase image revealed color
variations and domain walls, corresponding to different out-of-
plane polarization orientations. The amplitude image displayed
variations, indicating a localized electromechanical response. To
directly visualize ferroelectric domain switching, we performed
polarization-switching experiments by applying a local electric
field. The phase and amplitude images show clear contrast,
confirming the reversal of domain polarization (Figure S12).
Switching spectroscopy PFM (SS-PFM) measurements were con-
ducted at selected points to investigate polarization switching
behavior (Figure 11). A typical phase hysteresis loop and ampli-
tude butterfly loop were observed, confirming reversible electric-
field-driven polarization switching. A complete 180° polarization
switching was carried out under applied tip bias voltages ranging
from —20 to +20 V, demonstrating robust ferroelectricity in
EPB. The asymmetry of the amplitude-voltage loop observed in
the SS-PFM measurements can primarily be attributed to the
presence of a built-in electric field and interfacial effects. To
quantify the remnant polarization (P,), polarization-electric field
(P-E) hysteresis measurements were conducted using a metal-
semiconductor-metal structure (Figure 1m). The typical P-E loop
further validates ferroelectricity in EPB nanoplates. Additionally,
second harmonic generation (SHG) spectroscopy, a sensitive

and non-invasive technique for detecting symmetry breaking,
was employed (Figure In). Under 1064 nm laser excitation, a
strong SHG signal was detected at 532 nm, exactly half the
excitation wavelength, providing further evidence of the non-
centrosymmetric structure of EPB and supporting its intrinsic
ferroelectric nature. Similar ferroelectric characteristics were
observed in BEPB and EMPB nanoplates through PFM and
SS-PFM characterization, as demonstrated in Figures S13 and S14.

2.2 | Reconfigurable Photovoltaics in Perovskite
Ferroelectrics

Unlike gate-voltage modulation that requires continuous bias, the
polarization-driven mechanism enables non-volatile operation,
thereby eliminating static power consumption after program-
ming and simplifying hardware implementation. Figure 2a illus-
trates the device architecture with a sandwich-like configuration
comprising a graphene bottom electrode, a ferroelectric active
layer, and a graphene top electrode in vertical alignment (Figure
S15). Multilayer graphene was selected as the electrode material
owing to two principal advantages: its high optical transmittance
permits direct illumination and measurement of photogenerated
carriers, while avoiding the Schottky barrier typically associated
with metal-semiconductor contacts. The devices were fabricated
using mechanical exfoliation followed by the dry-transfer tech-
nique to assemble the vertical graphene/nanoplate/graphene
heterostructure. Figure 2b displays an optical micrograph of the
active region. The top and bottom graphene electrodes, with
thicknesses of 8 and 14 nm, along with their vertically overlapping
area, are outlined by purple dashed lines (Figure 2c). A 97-nm-
thick nanoplate is situated between both electrodes, forming a
vertical conduction channel. This architecture facilitates efficient
collection and transport of photogenerated carriers from the
graphene electrodes to the external circuit.

UV-vis absorption spectroscopy was employed to characterize
optical properties at room temperature. As shown in Figure 2d,
a strong absorption edge is observed at approximately 445 nm,
which is a characteristic absorption feature of EPB. The optical
band gap was extracted using the Tauc plot method. For direct
bandgap semiconductors, the relationship follows (ahv)* = A(hv-
E,), where a represents the absorption coefficient, and hv denotes
the photon energy. The calculated band gap of 2.78 eV indi-
cates EPB’s potential for short-wavelength detection applications.
Using the same characterization method, we calculated that the
band gaps of BEPB and EMPB are 2.92 and 2.43 eV, respectively
(Figure S16). Figure 2e shows the photocurrent response to
incident light power density under zero bias at 400 nm wave-
length. The device shows systematic power-dependent behaviors,
with photocurrent increasing monotonically as illumination
intensities rise from 20 to 2000 uW cm~2, demonstrating robust
operation under varying lighting conditions. Furthermore, we
analyzed the dynamic photoresponse characteristics, and the
rise and fall times were determined to be approximately 340
and 450 ms, respectively (Figure S17). The influence of active
layer thickness on self-powered performance was systematically
investigated. As the nanoplate thickness increases from 25.2
to 231.7 nm, the short-circuit current (I,.) exhibits a negative
correlation with the thickness, while the open-circuit voltage
(V,.) shows an increasing trend from 0.085 to 0.246 V and reaches
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FIGURE 2 | Reconfigurable ferroelectric photovoltaics in graphene/EPB/graphene devices. (a) Schematic diagram and (b) optical image of

graphene/EPB nanoplate/graphene sandwich structure. Scale bar, 20 um. (c) Thickness of graphene and EPB layers. (d) Absorbance spectrum and
corresponding Tauc plot of EPB nanoplates. (e) I-V curves of devices under different incident light power densities. (f) Open-circuit voltage and short-
circuit current versus the thickness of nanoplates. (g) I-V curves of positive and negative photovoltaic behavior under different poling voltages with

pulse width of 0.1 s. (h) Positive and (i) negative photoresponse in different polarization states under light power density of 1000 yW cm~2. (j-1). Under

illumination, energy band diagrams of graphene/nanoplate/graphene in different polarization states, demonstrating the influence of ferroelectric field

on the movement of photogenerated carriers.

its maximum response at 231.7 nm thickness (Figure 2f; Figure
S18). Within a certain thickness range, a thicker ferroelectric
layer can sustain a larger polarization-induced internal electric
field, reduce recombination loss, and enhance charge-separation
efficiency-all of which contribute to an increased built-in poten-
tial and, consequently, a higher V.. Such thickness-dependent
enhancement of V., is consistent with previous observations
in BiFeO; and other ferroelectric photoferroelectric systems
[40]. An optimal thickness range of 90-130 nm was identified
for balancing device performance in ferroelectric photovoltaic
applications.

The EPB nanoplates demonstrate efficient light responsivity,
while their intrinsic ferroelectric polarization enables reconfig-
urable photovoltaic behaviors. Under 400 nm light illumination,
the graphene/EPB/graphene device exhibits clear reconfigurable
photovoltaic characteristics, as shown in Figure 2g and Figure
S19. Polarization dependence of the photocurrent in the devices
reveals seven distinct states under positive and negative poling
voltages. As shown in Figure 2h,i, the photocurrent maintains
comparable magnitudes under opposite polarization directions.
Multiple discrete levels of both positive and negative pho-
tocurrent were observed, showing non-overlapping, step-like
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transitions that confirm stable and multilevel tunability of the
photoresponse via ferroelectric polarization. This reconfigurable
ferroelectric photovoltaic effect was further verified in BEPB
and EMPB-based devices (Figure S20). Therefore, various 2D
perovskite ferroelectrics can be selectively employed to meet
specific application requirements.

Figure 2j-1 depicts the switchable band alignment in the het-
erostructure, revealing the mechanism of polarization-modulated
photovoltaic behaviors. The ferroelectric polarization generates
a built-in electric field that modulates energy barriers asym-
metrically. Under upward polarization, the resulting built-in
electric field shifts the Fermi level of bottom graphene downward,
increasing the barrier height, while simultaneously elevates that
of the top graphene, reducing its barrier height [19]. Thereby,
this scenario promotes photogenerated carrier separation and
transport. In contrast, reversing the polarization direction inverts
the built-in electric field. The photocurrent magnitude is directly
governed by the strength of built-in electric field, which is
determined by the ferroelectric polarization state.

2.3 | Ferroelectric-Configured Photoresponsivity
of Graphene/EPB/Graphene Devices

Multiple stable states are essential for achieving high computa-
tional accuracy in in-sensor image processing. The switchable
ferroelectric polarization of EPB allows linear modulation of
both enhancement and suppression of photoresponsivity. As
illustrated in Figure 3a, continuous pulse modulation was
achieved using voltage pulses ranging from —16 to +16 V with
2 V interval, inducing the upward or downward polarization
states corresponding to different strengths and directions of the
built-in electric field. Distinct multi-level responsivities were set
under various poling voltages, comprising eight positive and
eight negative states. The responsivity distribution histogram
of a single device after 10 cycles shows well-separated states,
confirming good reproducibility and ferroelectric tunability
(Figure 3b). Long-term stability was evaluated through reten-
tion measurement over one hour, which demonstrates excellent
durability of both positive and negative states, attributable to
the nonvolatile character of ferroelectric polarization (Figure
3c; Figure S21). Reducing performance variations across device
batches is beneficial for improving the accuracy and efficiency
of image processing. To assess device-to-device uniformity, we
characterized the photoresponsivity of 20 individual devices. The
photoresponsivity exhibited fluctuations within a small range for
each polarization state, indicating minimal differentiation and
high uniformity (Figures S22 and S23). The average responsivity
exhibits a well-defined linear dependence on applied voltage
pulses across 16 distinct polarization states (Figure 3d). Figure 3e
presents the photocurrent versus power density curves of the
EPB-based devices under six distinct polarization states. The
power density-photocurrent relationships were fitted using the
formula I,,cP%, yielding a values of 0.81, 0.84, 0.82, 0.83, 0.85,
and 0.83, which confirms consistent sublinear dependence at all
polarization states.

By applying a series of tailored voltage pulses, multiple interme-
diate responsivity states can be achieved between fully upward
and downward polarization (Figure 3f,g). The responsivity varies

linearly from —140 to 140 mA W™, enabling reversible and stable
modulation of photoresponsivity. These multi-level states exhibit
nonvolatile and bidirectional switching characteristics, analo-
gous to long-term potentiation (LTP) and long-term depression
(LTD) processes. The device demonstrates 30 distinguishable
states, comparable to synaptic weights in artificial neural net-
works. The LTP and LTD processes exhibit exceptionally low
nonlinearity factors of 0.17 and —0.32, respectively (Figure 3h),
outperforming most reported synaptic devices (Table S1). The
description of fitting process is provided in Note S1. Figure 3g
further demonstrates high linearity (R > 0.99) and minimal
variation over multiple LTP/LTD cycles. The ferroelectricity-
modulated graphene/EPB/graphene devices provide a stable and
efficient platform for neural network training of intelligent
machine vision.

2.4 | Dynamic Brightness Adaptation and
In-Sensor Convolution Kernel Processing

The switching of polarization states enables effective photosen-
sitivity modulation of devices. Under dim light illumination,
scotopic adaptation is achieved by enhancing the built-in elec-
tric field, mimicking rod cell behavior in the human retina.
Conversely, under bright light illumination, photopic adaptation
is realized by reducing the built-in electric field, analogous to
cone cell function (Figure 4a) [41]. This self-adapting modulation
allows accurate identification of both overexposed and underex-
posed images. As shown in Figure 4b and Figure S24, the optical
adaptation capability was evaluated via a 3x3 pixel array under
varying illumination. Initially in a non-polarized state, a “T”-
shaped optical pattern was projected onto the device array with an
incident power density of 500 uW cm~2, and the pattern appeared
indistinct due to low contrast. After applying negative voltage
pulses to strengthen the built-in electric field, enhanced device
photosensitivity enabled clear visualization of the photosensitive
pixels. When the array was subsequently exposed to a high-power
density light (2000 uW cm~2), the pixels exhibited oversaturation
and details loss due to excessive sensitivity. This issue was miti-
gated by applying opposite voltage pulses to weaken the built-in
electric field and reduce photosensitivity, thereby preserving “T”
pattern features under intense illumination. Similar functionality
was also achieved under positive polarization conditions (Figure
S25).

Leveraging the linear modulation of photoresponsivity, various
convolution kernels can be constructed for image processing by
individually adjusting the weights of each sub-pixel [42, 43].
Figure 4c displays the original gray image used for edge detection.
Figure S26 and Figure 4d present two Sobel operators and their
corresponding responsivity configurations, respectively. These
convolution kernels were used to extract image edge information
along X- and Y-axis directions. A feature map of image edges
was obtained via combining the X and Y-axis direction results.
The experimental results using ferroelectric-configured convolu-
tion kernels align well with software simulations (Figure 4e,f).
Furthermore, the device array demonstrates potential for image
sharpening applications, as illustrated in Figure S27. Integration
of the proposed ferroelectric-configured convolution kernels
with convolutional neural network (CNN) holds promise for
breakthroughs in the field of image recognition.
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2.5 | In-Sensor Dynamic Computing for Dim
Object Recognition

Developing an intelligent machine vision system is fundamen-
tal for perceiving the physical world. Accurate extraction and
interpretation of critical features from dim objects under various
conditions (e.g., changes in brightness and contrast) demands
enhanced capabilities in data preprocessing and intelligent recog-
nition. Conventional static optoelectronic convolution process-
ing, where individual units operate independently, fails to capture
spatial correlations in object features, thus limiting its ability to
recognize dim objects. To overcome this limitation, we implement
in-sensor dynamic computing by establishing dynamic correla-
tions among optoelectronic units within the array, enabling the
extraction of object features from spatially correlated difference
signals (Figure 5a) [4]. As shown in Figure 5b, traffic signs
exhibit significantly reduced contrast under dim light conditions.
While traditional methods struggle to extract edge features from
such low-contrast images, in-sensor dynamic computing remains

effective and accurately retrieves edge information. Comparative
results for edge feature extraction from additional traffic signs
are provided in Figure S28. Figure 5c illustrates the in-sensor
dynamic computing process employing decision and dynamic
kernels. Two decision kernels are edge detection kernels along the
X- and Y-directions, which determine the configuration of active
unit in the dynamic kernel. The array units in the dynamic kernel
are classified into two types: active unit (purple) and static unit
(orange). Static units respond solely to local pixel signals, whereas
active units, positioned at the kernel center, correlate the output
with both local and surrounding pixels. It selectively amplifies the
subtle differences between local and peripheral regions, thereby
facilitating effective edge feature extraction even in low-contrast
scenes. An algorithm flowchart for dim object edge detection is
provided in Figure S29.

The integration of ferroelectric-configured convolution kernels
with a CNN enables effective dim object recognition. To further
address the inherent performance variations among individual
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of the four datasets after 150 training epochs.

array elements, a straightforward yet effective data-processing
strategy was implemented. Central to this approach is the
introduction of “reference devices” that serve as a standardized
performance benchmark. After uniformly characterizing all array
units, a simple mathematical normalization procedure is applied.
This step does not alter the physical properties of the devices
but rather calibrates the measured data to a common reference
condition. Consequently, the comparison of performance across

the array genuinely reflects the relative capabilities of each
unit under equivalent idealized conditions. Figure 5d shows the
employed CNN architecture, which comprises an 8-layer network
with 18,432 input neurons, 1,024 hidden neurons, and 5 out-
put neurons, specifically designed for feature map recognition.
Experiments were conducted using an adapted Chinese traffic
sign (CTS) dataset with 5 object categories. Four datasets with
different normalized contrast were utilized, each consisting of
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1,000 training and 200 testing images (Figure 5e). We com-
pared the recognition accuracy of traffic signs between in-sensor
dynamic computing and conventional optoelectronic convolution
processing across these datasets. As summarized in Figure 5f,
in-sensor dynamic computing achieved 88-93% recognition accu-
racy under 150 epochs, with accurate edge feature extraction
being key to this robust performance. In contrast, the accuracy
of traditional convolution processing declines as normalized
contrast decreases. Recognition accuracy curves and confusion
matrices for all datasets are provided in Figures S30 and S31.
These results demonstrate that ferroelectric-configured in-sensor
dynamic computing maintains high recognition accuracy, high-
lighting its potential for intelligent machine vision in low-light
and complex scenarios.

3 | Conclusion

In this study, we have implemented a ferroelectric-configured
weight-reconfigurable photovoltaic device array leveraging the
BPVE in perovskite ferroelectrics. 2D perovskite ferroelectric
nanoplates were directly synthesized via a solution-air inter-
face floating growth method, exhibiting controlled dimension-
ality, high crystallinity, excellent yield, and reproducibility.
Switchable ferroelectric polarization enables reconfigurable and
nonvolatile photoresponsivity for in-sensor dynamic comput-
ing, which is significantly superior to conventional approaches
in extracting edge features from dim objects. When inte-
grated with a CNN, the system achieved 88-93% recogni-
tion accuracy of traffic signs with varying contrast. This
work provides a promising platform for developing intelligent
machine vision systems capable of operating in complex visual
environments.

4 | Experimental Section
4.1 | Materials

Ethylammonium Bromide (EABr, 99.9%), Butylammonium Bro-
mide (BABr, 99.9%), Methylamine Bromide (MABr, 99.9%) were
purchased from Advanced Election Technology Co., Ltd. Lead
bromide (PbBr,, 99.999%) and Hydrobromic acid (HBr, 48
wt.% in H,0) were purchased from Aladdin Scientific Corp.
The graphene crystals were purchased from SixCarbon Tech-
nology Company. All chemicals were used without further
treatment.

4.2 | Nanoplates Synthesis

The organic-inorganic hybrid perovskite ferroelectric nanoplates
were synthesized using a solution-air interface method, as shown
in Figure S1. Taking EPB as an example: EABr (0.45 g) and PbBr,
(0.99 g) were dissolved in 3 mL hydrobromic acid solution. The
mixture was heated under continuous stirring at 120°C until
a clear yellow solution formed. Subsequently, the solution was
cooled to 60°C and stored in a sealed glass vial. A small aliquot
of the warm supernatant was extracted via pipette and dropped
onto a hydrophobically treated glass slide. Nanoplates crystallized
within seconds at the droplet surface. The nanoplates were col-

lected using a PDMS stamp brought into contact with the droplet
surface. The residual solution was removed using nitrogen gas
flow. Following the same protocol, precursor solutions for BEPB
and EMPB were prepared with the following compositions: For
BEPB: BABr (0.15 g), EABr (0.09 g), and PbBr, (0.37 g) were
dissolved in 3 mL hydrobromic acid solution. For EMPB: EABr
(0.23 g), MABr (0.07 g), and PbBr, (0.44 g) were dissolved in 3 mL
hydrobromic acid solution.

4.3 | Device Fabrication

Few-layer graphene was mechanically exfoliated from the bulk
crystal. A dry transfer technique was implemented using a
2D transfer platform to precisely position the nanomaterials.
The graphene layers and perovskite nanoplates were vertically
assembled to construct a graphene/nanoplate/graphene sand-
wich heterostructure. Device patterning was accomplished using
a transmission electron microscopy copper grid as a shadow
mask, followed by thermal evaporation of Cr (5 nm)/Au (30 nm)
electrodes.

4.4 | Measurement and Characterization

Optical images were captured by an optical microscope (BX51M,
Olympus). X-ray diffraction (XRD) patterns were recorded by X-
ray diffractometer (Bruker D8). PL spectra were measured by Ren-
ishaw in Via-Qontor Raman microscope equipped with 325 nm
laser. Absorption spectra were recorded via an ultraviolet-visible
spectrophotometer (U-3900H, Hitachi). Ultraviolet photoemis-
sion spectroscopy (UPS) and X-ray photoelectron spectroscopy
(XPS) were performed using a Thermo Scientific K-Alpha spec-
trometer equipped with a monochromatic Al Ka source (hv =
1486.6 eV). The X-ray spot size was 400 pm, and the electron
emission angle was 60°. The base pressure in the analysis cham-
ber was maintained below 5.0 x 10~7 mbar. The samples were
mounted on a conductive holder and electrically connected to
the spectrometer. A low-energy electron flood gun was employed
for charge neutralization. No Ar* sputter etching was applied.
The scanning electron microscope (SEM) and energy-dispersive
X-ray spectroscopy (EDS) were performed on a Zeiss Sigma 300
instrument. High-resolution transmission electron microscope
(HRTEM) and selected-area electron diffraction (SAED) were
carried out on a FEI Talos F200X G2 instrument. The phase
transition temperature was measured using a differential scan-
ning calorimetry (Q2000, TA). Atomic force microscopy (AFM)
measurements were performed on a Bruker Dimension Icon.
Local piezoelectric response and polarization direction at the
nanometer scale were characterized by a piezoresponse force
microscopy (Cypher S, Oxford Instruments; AFM Pro, Truth
Instruments). Second harmonic generation (SHG) measurement
was carried out to analyze the non-centrosymmetric charac-
teristics using a laser source with a wavelength of 1064 nm.
The electrical and optoelectronic measurements were carried
out using a Keithley 4200-S semiconductor test system con-
nected to a vacuum probe station. A 75 W xenon lamp with
continuously tunable wavelength was used as light sources. The
power density was measured via an Ophir Photonics NOVA
II optical power meter. All tests were performed at room
temperature.
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4.5 | Neuromorphic Computing for Image
Recognition

The Chinese traffic sign (CTS) database is an open database
and was downloaded from the website (https://nlpr.ia.ac.cn/pal/
trafficdata/index.html). The processed feature maps were flat-
tened and input into a convolutional neural network (CNN). The
CNN architecture consists of input layer, convolution layer, pool-
ing layer, and fully connected layer. The training process is based
on experimental LTP and LTD curves, as shown in Figure 3g.
The neural network was trained using back-propagation and the
gradient descent algorithm, employing a learning rate of 0.001
and batch size of 32.
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