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Abstract: Neuromorphic machine vision systems have garnered substantial interest due to their
potential for achieving autonomous control through real-time visual perception and processing.
Two-dimensional materials offer a highly promising option for neuromorphic photodetectors due to
their tunable electrical and optical properties, as well as their compatibility with heterogeneous
integration. However, the fabrication of such devices often involves inefficient or expensive
processes, limiting their widespread commercial adoption. To address these challenges, we develop
a scalable 7,7,8,8-tetracyanoquinodimethane (TCNQ)-doped graphene oxide (p-GO) sensor by
utilizing easily prepared graphene oxide as a substrate and employing a surface charge transfer
doping strategy to modulate its charge state. This device exhibits a high and linearly tunable
responsivity. By varying the applied bias voltage, the responsivity can be adjusted from 1.4 mA/W to
25 mA/W. With precise control over the photoelectric response at 76 levels, we establish a 3x3 array
of p-GO sensors as programmable kernels for optical image edge processing and convolutional
neural networks, achieving the impressive accuracy of up to 97.7% in letter recognition tasks. We
anticipate that this work will significantly enhance the widespread adoption and commercial
utilization of neuromorphic detectors.
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. autonomous driving, surveillance systems, robotics,
1. Introduction ] e o
and medical imaging applications [1-3]. As

Machine vision plays a crucial role in time-sensitive and data-intensive demands continue
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to grow, the conventional edge machine vision
systems struggle to keep up with the increasing
frame rates and pixel densities of modern sensors.
This challenge is primarily due to the sequential
processing limitations inherent in the von Neumann
computing architecture [4-6]. When processing
image data requires repetitive data conversion and
transfer between physically separated functional
components, such as sensory, computing, and
memory units, it results in high energy consumption
and increased latency. The human retina provides an
elegant biological solution to these limitations. It
contains diverse cell types, including photoreceptors
(rods and cones), horizontal cells, bipolar cells,
amacrine cells, and retinal ganglion cells, which
serve functions such as detecting light, converting it
into neurochemical signals, encoding stimulus
properties, and providing homeostatic and metabolic
support [7], as illustrated in Fig. 1(a). In contrast
with the conventional edge machine vision systems,
the human retina not only detects visual information
but also processes it — performing tasks such as
noise suppression and image sharpening — before
transmitting the encoded data to the brain for further
cognitive processing [7-10]. This dual functionality
reduces redundancy and enhances the efficiency of
information processing in the brain. Inspired by this
mechanism, neuromorphic machine vision seeks to
preprocess light signals directly within sensors,
thereby reducing the burden of data transmission
and the computational load on the downstream
hardware. Consequently, photodetectors based on
retina-inspired neuromorphic architectures have
attracted widespread attention from researchers
[11-15].

To realize the neuromorphic photodetector, it is
critical to mimic the center-surround antagonistic
receptive field in the biological retina by achieving
adjustable ambipolar photoresponse in the individual
device [16]. The unique properties of 2-dimensional
(2D) materials make them ideal for this application,

as their atomically thin layers allow for full
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modulation of carriers by the applied electric field,
without being affected by the screening effects
typically observed in bulk materials [4, 17, 18].
With the advent of increasingly sophisticated
comprehension on the underlying mechanisms,
coupled with the development of novel structures
such as Schottky barriers, p-n junctions, and
metal-semiconductor-metal
the 2D material
photodetectors have been proposed, which present

configurations [19],
(2DM)-based neuromorphic

remarkable characteristics including high mobility,
high responsivity, and ultrathin profiles [20-25].
However, when it comes to devices based on the
homogeneous material system, commonly employed
2DM fabrication techniques such as mechanical
exfoliation and chemical vapor deposition confront
pivotal challenges, including unpredictable flake
and the
[26-29].
fabrication of multi-layered

thickness, diminutive domanial sizes,

necessity of expensive  substrates
Furthermore, the
stacked structures for heterojunction or chemically
unstable 2DMs presents an even more formidable
undertaking [30]. Therefore, there is an urgent need
to develop scalable and economical fabrication
methods that can unlock the potential of 2DM-based
neuromorphic photodetectors for massive production.
7,7,8,8-

tetracyanoquinodimethane (TCNQ)-doped graphene

Here, we present a scalable
oxide sensor for neuromorphic machine vision.
Utilizing the refined Hummers method [31], we
have successfully synthesized a large-area about the
1 cm%3 cm and high-quality graphene oxide (GO)
film. To overcome the challenges related to the
insulation properties and the limited light absorption
of the GO, we employ a surface charge transfer
doping strategy to regulate the GO charge-related
properties, resulting in the formation of GO-organic
m-m interfaces. This device demonstrates excellent
photodetection performance, with the tunable
photoresponsivity from 1.4 mA/W to 25 mA/W and
the response time within 100 ps. This device can be
programmed to control the photoelectric response
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precisely at distinguishable 76 levels, which is used
to represent the weight parameters in matrix-vector
multiplication (MVM) computation. We construct a
3x3 array of p-doped graphene oxide (p-GO)
sensors, employing them as programmable kernels
for optical image edge processing. It is worth noting
that due to the high resistance characteristics of the
GO material, detectors based on the GO do not
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require patterning during array formation, which
reduces the complexity of the fabrication process.
Furthermore, based on this device, we demonstrate a
convolutional neural network, achieving the
impressive accuracy of up to 97.7% in letter
recognition tasks. We envision that this work
will contribute to the commercial applications of

neuromorphic detectors.

PET

Current
Outputs

Output image
kernel by
voltage

Post-processing

Fig. 1 Neuromorphic machine vision system: (a) the schematic illustration of the human visual system (the retina consists of
various cells that can detect and process incident light), (b) the structure, and (c) the function diagram of the p-GO sensor array (PET:

polyethylene terephthalate; ITO: indium tin oxide).

2. Results and discussion
2.1 Design and fabrication of the p-GO sensor

2.1.1 Design of the p-GO sensor

Inspired by the signal preprocessing function of
the human retina, we design a neuromorphic
photodetector based on the p-GO, as shown in
Fig. 1(b). The device structure, from top to bottom,
consists of a PET substrate, an ITO thin film, a
p-GO layer, and Au electrodes. The p-GO layer
generates the photocurrent under illumination, while
the ITO and Au electrodes are used to apply a
bias voltage. The PET substrate ensures optical
transparency and provides mechanical flexibility.
Notably, owing to the relatively high electrical
resistance of the p-GO film, only the Au electrodes

need to be patterned into an array. The p-GO and
ITO layers remain continuous, which simplifies the
fabrication process and facilitates integration, as
elaborated in later sections. By exploiting the
voltage-dependent responsivity of the p-GO layer,
the device can implement in-sensor computing.
Images are projected as light signals onto the sensor
array, and the bias voltages applied to individual
pixels encode the responsivity matrix. The total
photocurrent of the array thus represents a weighted
sum of the inputs, realizing multiply-accumulate
(MAC) operations [Fig. 1(c)]. In summary, the
p-GO
scalability,

sensor combines structural
flexibility,

making it a

simplicity,
and ease of fabrication,
promising platform for the

neuromorphic vision hardware.
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2.1.2 Preparation of the p-GO sensor

The functional layer of this detector consists of a
p-doped GO film. Despite the ease of preparation
for pure GO films, they exhibit notably weak
photoresponse. To address the challenges associated
with GO’s insulation properties and limited light
absorption, we employ a surface charge transfer
doping strategy to modulate the charge-related
of the GO. This
GO-organic z-7 interfaces, markedly enhancing the

properties strategy forms
device’s overall performance. Figure 2(a) presents a
schematic diagram illustrating the preparation
process of p-GO films. The GO solution is
synthesized from the natural graphite powder using
a modified Hummers method [31]. The synthesized
GO is then doped with the TCNQ, a p-type dopant,
to improve the conductivity of the GO nanosheets. A
flexible p-GO film is subsequently fabricated by
depositing the doped GO solution onto ITO/PET
substrates, followed by a controlled drying process.
Further experimental details can be found in
In Fig.2(b), a
electron microscopy (SEM) image showcases the

Supplementary files. scanning
morphology of the resulting p-GO film, which
exhibits a distinctive pattern with typical sizes
ranging from 2 um to 5 um on its surface. The
surface flatness of the film is confirmed by atomic
force microscopy (Fig. S1, Supplementary files).
It’s worth highlighting that the aforementioned
preparation approach for p-GO films presents
several advantages, including simplicity and
cost-effectiveness. By utilizing a solution-based
method, the synthesis process becomes relatively
straightforward and accessible, making it an

attractive option for researchers seeking an
economical approach to fabricating p-GO films.

To gain deeper insights into the modifications
induced by TCNQ doping, Raman spectroscopy is
employed to elucidate its impact on the GO, as
presented in Fig. 2(c). The Raman spectra of the GO
display characteristic peaks at 1 597 cm™! (G band)

and 1339cm™' (D band), corresponding to the
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in-plane vibration of sp” carbon atoms and structural
defects of the GO, respectively [32]. Upon
incorporation of the TCNQ, the G band of the
TCNQ-GO composite film shifts to 1610 cm™,
suggesting adsorption of the TCNQ on the GO
surface or within interlayers, accompanied by
effective p-type doping and charge transfer between
the GO and the TCNQ [33]. The intensity ratio of
the D band to the G band (/p/ls) decreases from
1.586 1 to 1.495 6, indicating a reduction in the
defect density within the p-type GO composite.
Additionally, two other bands are observed for the
GO at 2682 cm ™' (2D band) and 2912 cm™' (D+G
band). The relatively low intensity of the 2D band
implies a compact interlayer stacking, while the
notable attenuation of the D+G band — associated
with defect density — further corroborates the
decreased defect concentration and enhanced
interlayer adhesion in the composite film [34]. The
p-doping effect induced by the TCNQ effectively
mitigates structural defects in the GO, thereby
promoting  restoration of the delocalized
m-conjugated network.

To further clarify the charge transfer mechanism
at the TCNQ-GO interface, X-ray photoelectron
spectroscopy  (XPS) is  performed. The
deconvolution of the C 1s XPS peak of the p-GO
composite film in Fig. 2(d) reveals that the carbon
types are C—C/C=C, C-0, O=C-0 [35], and C-N,
confirming the successful incorporation of the
TCNQ into the GO. Compared with the pristine GO
[Fig. 2(e)], the relative abundances of C—C/C=C,
C-0, and O=C-0O/C=0 bonds are substantially
reduced in the composite film. This reduction results
from the intercalation and adsorption of the TCNQ,
which disrupts these native bonds and facilitates
the formation of new C-N linkages. Concurrently,
the decomposition of unstable oxygen-containing
functional groups promotes restoration of the
n-conjugated network within the GO, enhancing 7-7
interactions between the GO and TCNQ. Notably,

the C—O and O=C—O/C=0 peaks exhibit slight shifts
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toward lower binding energies, indicating locally
increased electron density around oxygen-containing
species. This phenomenon originates from internal
charge redistribution within the GO after electron
transfer from the GO to the TCNQ [36]. Specifically,
electrons are extracted from the carbon framework
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of the GO by the strong electron accepting TCNQ,
while nearby oxygen groups compensate for
the electron-deficient regions, leading to reduced
binding energies. These results further confirm the
occurrence of charge transfer from the GO to the

TCNQ, consistent with Raman spectroscopy evidence.
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Fig. 2 Device fabrication and characterization: (a) schematic illustration describing the production process of the GO sensor array,
(b) the SEM image of the p-GO film before depositing electrodes, (¢) Raman spectra of the p-GO composite film, with the GO film as
the control, C 1s XPS spectra of the p-GO composite film (d) and the GO film (e), respectively, (f) the energy arrangement diagram at
the GO and TCNQ interfaces and interface charge transfer diagram (Eris the Fermi level), (g) the SEM image of the section of the
p-GO sensor, (h) elemental mapping of (g), and (i) the photograph of the flexible p-GO device (the inset shows the top view of the device).

Charge transfer doping via TCNQ introduction
markedly enhances the electrical conductivity of the
GO. The Fermi level (Er) plays a central role in
governing the electrical properties of the material. In
this system, the disparity between the Fermi levels
of the TCNQ and GO critically influences charge
transport dynamics. As illustrated in Fig. 2(f), a
proposed model depicts the charge transfer process
at the GO-TCNQ interface. Owing to the deeply
lying lowest unoccupied molecular orbital (LUMO)

of the TCNQ, electrons are extracted from the donor
states of the GO. Upon contact, the energy level
difference promotes electron transfer from the donor
state of the GO to the LUMO-related acceptor state
of the TCNQ. This redistribution of charges
modifies the relative alignment of the Fermi levels,
leading to the formation of a space charge region at
the interface accompanied by charge accumulation
and band bending. Graphene doping strategies
include physical doping, chemical doping, and
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structural modulation. Structural methods, such as
folding or creating metamaterials, can tune
electronic and optical properties [37] but often
require complex processes. Chemical doping, e.g.,
atomic substitution or molecular adsorption, mainly
introduces extra carriers to modulate conductivity
[38]. In contrast, our physical surface doping uses
non-covalent molecular adsorption and work
function differences to induce charge transfer,
avoiding complex chemistry or high-vacuum
equipment. This approach effectively tunes the GO
carrier concentration while offering simplicity and
scalability.

Sensor arrays are subsequently constructed using
the doped p-GO films as the functional layer. The
array device exhibits a typical sandwich structure
composed of PET/ITO/p-GO/Au layers, as depicted
in the final step in Fig. 2(a). The gold electrode array
on the p-GO thin film is deposited by magnetron
sputtering with a hard mask. A cross-sectional SEM
image is shown in Fig. 2(g). It reveals that the ITO
layer has a thickness of 100 nm, the p-GO film has a
thickness of 1.8 um, and the gold electrode has
a thickness of 1.2 um. It is noteworthy that
the microstructural features observed in the
cross-sectional SEM images, including bright strips
and localized breaks in the ITO layer and continuous
light stripes in the p-GO layer, arise from the sample
preparation method rather than intrinsic material
properties. A cryogenic fracturing technique is
employed, wherein samples are embrittled in liquid
nitrogen and mechanically fractured. The brittle
nature of the ITO layer and the layered structure of
the GO lead to irregular fracture surfaces and
stepped edges, which appear as bright features under
SEM imaging. These localized artifacts do not affect
the uniformity or functional properties of the device.
In order to validate the outcomes of the layered
device fabrication, a cross-sectional analysis is
performed using energy dispersive spectroscopy

(EDS), as shown in Fig. 2(h). The results indicate
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the presence of carbon (C) and oxygen (O) in both
the p-GO and PET regions, consistent with the
expected chemical composition of the GO. In
addition, Au signals are clearly detected in the
metal pad region, verifying the designed layer
configuration and the accuracy of the fabrication
process. Together with the cross-sectional SEM
EDS

comprehensive characterization of the

observations, the analysis provides a
device,
confirming the chemical composition of individual
regions and the successful realization of the intended
multilayer structure with the desired material
distributions and thicknesses.

The inset shown in Fig. 2(i) showcases a
representative 3x3 sensor array. Within this array,
each square gold pad measures 2 mm on each side,
with a separation distance of 1 mm between adjacent
pads. The overall dimensions of the device span
approximately 1 cm in width and 3 cm in length.
The bent configuration of the device is clearly
depicted in Fig. 2(i), highlighting its flexibility and
conformability to curved surfaces. In this work, the
p-GO sensor array is fabricated at the centimeter
scale to demonstrate a novel and scalable
manufacturing paradigm for neuromorphic vision
sensors. Leveraging the high lateral resistance of the
p-GO film, functional arrays can be formed by
patterning only the top electrodes, simplifying the
fabrication process, and avoiding potential damage
to the active layer. This approach lays a solid
foundation for future miniaturization, where higher
integration density can be realized by transitioning
from the shadow-mask electrode fabrication to
standard photolithography. A uniform gold film can
first be deposited on the p-GO layer, followed by
high-resolution photolithography and etching to
create a dense electrode array. This mature process
can achieve micron- and sub-micron-scale features,
offering a feasible path toward the high integration
density required for advanced applications while

preserving the scalability demonstrated here.
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2.2 Characterization and operation of the p-GO
device

2.2.1 Optical and electrical response of the p-GO
device

We experimentally quantify the photoresponse
of individual sensors. The experimental procedure
involves irradiating the PET side of the device using
a laser with a wavelength of 405nm, and
subsequently applying voltage and measuring
current through the Au and ITO electrodes. The
incident laser intensity can be tuned by the variable
the -V
characteristics of the sensor with the laser intensities
ranging from 5 mW to 50 mW. At a fixed light
intensity, the device exhibits near linear current

optical attenuator. Figure 3(a) shows

response. The linear current response across a wide
voltage range provides a foundation for encoding
weights of the kernel for in-sensor computing. The
photoconductance of the device increases with the
increment of light intensity. As the light intensity
rises from 5 mW to 50 mW, the photoconductance
increases from 0.96 uS to 1.44 uS. To further
validate the
photocurrent and light intensity, we measure the

linear relationship between the
curves of photocurrent variation with light intensity
at different voltages, as illustrated in Fig. 3(b).
from OV to +14V, the
photocurrent exhibits a near linearity with the

Across the range
growth of light intensity. While higher laser powers
may introduce nonlinearity due to Joule heating, the
data collected under our experimental conditions
show excellent linearity, with R-squared values
exceeding 0.99 in Fig. 3(b). Therefore, within the
measured range, the photocurrent can be considered
approximately linear, and the device operates stably
under the laser intensities used for image encoding.
By analyzing the device’s response to light and
voltage, the photocurrent can be described as I=4PV,
where P represents the incident light intensity, P
corresponds to the light-induced conductance, f is
the proportionality coefficient, and V is the applied
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voltage. Therefore, the photocurrent change induced
by light is directly proportional to both the light
intensity and the applied voltage, enabling precise
modulation through these two parameters. Due to
the high lateral resistance of the p-GO material, only
the area of the electrode pad directly illuminated by
the laser contributes to the photocurrent. Therefore,
when calculating the responsivity, it is necessary to
account for the ratio between the laser spot area and
the electrode pad area, rather than using the total
laser power (for a detailed calculation process,
see Supplementary files S1.2). Based on the
photocurrent measurements for a single pad, the
responsivity of the p-GO detector ranges from
1.4 mA/W to 25 mA/W, depending on the applied
bias voltage. The photoresponse characteristics of
the p-GO photodetector are systematically evaluated
as a function of the TCNQ mass ratio, as shown in
Fig. 3(c). The photocurrent increases monotonically
with the higher TCNQ loading, consistent with a
charge-transfermediated mechanism. Notably, an
optimal doping concentration of the 0.5 wt% TCNQ
is identified, achieving a favorable balance among
the enhanced photoresponse, suppressed dark
current, and material economy, thereby maintaining
overall device performance.

To investigate the photoresponse time of the
device, we measure the switching behavior under
typical operating conditions with the bias voltage of
4V and illumination power of 30 mW. The temporal
photoresponse is shown in Fig. 3(d). During the
transition from dark to illuminated conditions, the
current increases rapidly. The measured rising edge
(10% to 90%) is 41 ps, while the falling edge (90%
to 10%) is 55 us. Both the rising and falling edge
response time is below 100 ps, satisfying the
requirements for modern industrial vision sensor
applications. The detector response time is
fundamentally limited by the intrinsic dynamics of
the GO film, which can be further optimized by
adjusting the applied bias and the degree of
molecular doping. Applying a higher bias can
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enhance the carrier drift, thereby accelerating the
rise and decay speeds. In addition, using dopants
with the stronger electron-withdrawing ability, such
as the TCNQ, can facilitate more efficient charge

Photonic Sensors

combining these strategies, the p-GO sensor’s
response time could be further reduced while
retaining useful responsivity, ensuring its suitability
for high-speed and real-time neuromorphic vision

transfer, further improving the response speed. By applications.
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Fig. 3 Device response: (a) the I-V characteristics of the p-GO sensor under varied light intensity, (b) the photocurrent at different
bias voltages (scatter) and their linear fit (solid line), (c) monitoring the current of the p-GO photodetector at different mass ratios of
the TCNQ under a 405 nm illumination, (d) the photoresponse time and recovery time of the p-GO device under 405 nm illumination,
(e) the long-term cyclic stability of the photodetector (the insets indicate the magnified areas around 500 cycles, 1 000 cycles, and
2 000 cycles, respectively. Insets are enlarged plots corresponding to the three regions enclosed by the red square), (f) the schematic
diagram of the p-GO sensor array for the working mechanism, (g) the discrete voltages and corresponding current for in-sensor
computing, and (h) the reproducibility of the photocurrent for 3 pairs of adjacent states, and the legends show the state number.

The p-GO photodetector exhibits both excellent
operational durability and fabrication reproducibility.
Under an illumination power of 30 mW and a bias
voltage of 4V, over 2000 cyclic photoresponse
tests show no noticeable degradation in either
photocurrent amplitude or response time [Fig. 3(e)].
To assess fabrication reproducibility, ten
independently prepared p-GO photodetectors from
different batches are systematically evaluated. The

devices exhibit the highly consistent photocurrent
and responsivity under identical illumination
(Fig. S3, Suppplementary files). These results
confirm the excellent stability and reliability of the
solution-processed fabrication process.

Table 1 compares the performance of our sensor
with that of typical 2DM-based photodetectors. Our
device has a significant advantage in terms of area.
Traditional devices based on 2DMs typically
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use mechanical exfoliation to prepare the
light-absorbing layer [1, 20, 39, 40], resulting in
device sizes on the order of tens of micrometers.
Alternative methods like magnetron sputtering
[41, 42] and pulsed laser deposition (PLD) [43] can
produce devices with sizes ranging from millimeters
to centimeters. Additionally, ultrasonic deposition
methods [44] can achieve millimeter-scale sizes. In
contrast, the drop-casting method used in our study
can easily achieve wafer-scale sizes on the order of
centimeters. Besides, when compared to other
fabrication methods, our device stands out for its
simplicity and low cost. Mechanical exfoliation
requires manual operation, which is not conducive
to large-scale production, and the shape of the
devices is also difficult to control. Magnetron
sputtering or PLD requires large-scale equipment
and must be performed in a vacuum chamber
[41-43], making the overall process quite complex.
The liquid metal-based synthesis method needs to be
carried out at high temperatures [45]. In contrast,
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our device fabrication is carried out in a solution,
with the final steps being drop-casting and annealing,
eliminating the need for the large-scale equipment.
Furthermore, our device can be easily arrayed.
Typically, arraying sensors requires patterning both
the photosensitive material and the electrodes,
whereas our material, due to its high resistance, only
requires the electrode array to enable multiple sensor
units to work simultaneously and automatically sum
the current. This will be discussed in more detail in
the next section. This feature not only reduces the
complexity of the fabrication process but also
minimizes the risk of compromising material
stability due to the introduction of other substances
during lithography and etching, such as oxidation
or unintended chemical reactions. In addition to
the aforementioned advantages, our device’s
responsivity of 1.4 mA/W-25 mA/W is comparable
to that of other notable photodetectors and even
exceeds some. Finally, our refined measurements
demonstrate that the device exhibits rise and fall time

Table 1 Comparison of neuromorphic photodetectors based on 2DMs.

Responsivity Rising/falling

Ref.  Year Main material Preparation method Area Thickness ) Arraying
(mA/W) time
This .
K 2025 P-GO Drop-casting 1x3 cm? 2 um 1.4t025 41 ps/55 ps Electrodes
worl
Mechanically o
[1] 2020 WSe, . 70%120 umz 4 nm —60 to +60 Within 50 ns -
exfoliated
Mechanically
[20] 2022 Black phosphorus . 20%30 pm? 11 nm 2 to 65 - -
exfoliated
. Mechanically
[39] 2020 MoS,/Si L. 10x10 pm? 4 nm 19 178 ps/198 us -
exfoliation
. Mechanically
[40] 2014  Rhodamine 6G/MoS, . 6.25%13 pm? 0.6 nm 1.38 5.1us23s -
exfoliation
Magnetron Photosensitive material and
[41] 2019 Amorphous-MoS, . 5x5 mm? 43 nm 47.5 10 ms/16 ms
sputtering electrodes
Pulsed laser
[43] 2018 MoS; 15 . @ 20 mm 167 nm 21.8 - -
deposition
. Magnetron
[42] 2018 WS,/Si . 1 cm? 42 nm to 300 nm 4 40 ps -
sputtering
[44] 2022 MoS,—xOx Ultrasonic deposition 1x1 mm? 200 nm 0.003 to 5.1 - -
Liquid metal-based
[45] 2023 S-InzSes/MoS, . 125 pm? 1 nm - 50 ms -
synthesis method
[46] 2016 MoS,/graphene LPCVD 1x1.5 cm? 1.45 nm 32 23s -
[47] 2020 S-In,Ses/MoS, CVD 50 um? <10 nm 3.16 52 ms/57 ms -
Photosensitive material and
[48] 2023 NbS,/MoS, CVD 10x20 pm? 1.8 nm 7 to 1 000 304 ms

electrodes
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of 41 us and 55 ps, respectively, which represent an
advanced level of performance. In summary, the
responsivity of our device is comparable to that of
notable studies, and our device boasts a far simpler
fabrication process and a significantly larger area, by
5 orders—6 orders of magnitude.
2.2.2 Mechanism of operation

Figure 3(f) provides a comprehensive insight
into the operational mechanism of the device. The
P-GO film absorbs the incident light through the
PET/ITO, producing electron-hole pairs. The density
of these pairs exhibits a positive correlation with the
incident light intensity under the experimental
conditions. A bias voltage is applied between the Au
electrodes and ITO ground, guiding the directional
movement of electrons and facilitating the
generation of the photocurrent. A noteworthy aspect
of the device’s design is the negligible leakage
current among the sensor units. This remarkable
feature is attributed to the substantial resistance of
the graphene oxide material. Experimental
measurements reveal a vertical resistance of 1.8 MQ
between the Au electrode and ITO. Impressively,
when considering two positions with a horizontal
spacing of 0.4 um, the resistance significantly
increases to 20 MQ. This pronounced resistance
anisotropy effectively suppresses leakage currents,
indicating that there is the potential for further
reduction of the pixel area. Such scaling could
enable miniaturized pixel architectures without
compromising isolation between the sensor units.
The key factors for further pixel miniaturization lie
in optimizing the fabrication resolution and
signal-to-noise ratio (SNR), rather than limitations
of the material itself. Future efforts will focus
on improving doping uniformity and adopting
advanced photolithography techniques in place of
These

expected to realize finer pixel structures and higher

shadow-mask processes. strategies are

integration  density, while maintaining the

excellent optoelectronic performance of p-GO
devices.

Photonic Sensors

Utilizing the optical and electrical response of
individual sensors, weight matrices can be encoded
into the sensor array. Each sensor exhibits different
light responsivities at various voltages, resulting in
distinct photocurrents under the same light
intensity but different voltages. The calibration
process of the programmable p-GO sensor array is
highly efficient and automated. Owing to the linear
current-voltage  characteristics under constant
illumination [Fig. 3(a)], the photoresponsivity scales
proportionally with the bias voltage, allowing the
V-R relationship of each pixel to be determined by
only two measurement points. Consequently, the
entire 3%3 array can be calibrated within minutes,
while the required data volume is minimal and can
be permanently stored and reused. Figure 3(g)
illustrates the wvaried photocurrent responses
obtained by encoding different voltages for the
device under a constant light intensity of 45 mW.
The voltage range spans from 0V to 15V, divided
into 76 states with a voltage interval of 0.2V
between adjacent states. The number of divisible
states directly determines the adjustment precision
of the weights, thereby influencing the precision of
the computation. The minimum photocurrent
interval is about 0.3 pA. The consistency before and
after the repeated loading of weights is a crucial
factor affecting the accuracy of neuromorphic
detector computations. To verify the distinctiveness
and repeatability of voltage encoding weights, we
select 3 pairs of adjacent states, repetitively apply
the voltages, and analyze the statistical results in
Fig. 3(h). With the 20 times weight loading for each
state, the standard deviation of the current is
consistently below 0.03 pA for all 6 states, meeting
the requirement for state separation. For a Gaussian
distribution function, the full width at half maximum
(FWHM) is approximately 2.35 times the standard
deviation. Therefore, a standard below 0.03 A
corresponds to the FWHM of no more than 0.07 pA,
which aligns with the visual assessment shown in

Fig. 3(h). We further conduct measurements on
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more states, obtaining similar results (Fig. S4,
Supplementary files). The photocurrent responses
exhibit
requirements for state separation. These results

excellent repeatability, meeting the
confirm that the calibrated weight values can be
stably reused over long periods, effectively reducing
operational overhead and ensuring the practicality of
the neuromorphic vision system for real-world
applications. The experimental results demonstrate
that the sensor can support analog computation or

achieve 6-bit precision digital computation.

2.3 In-sensor convolution in the p-GO device

An important application of the neuromorphic
detector is image convolution processing, such as
image sharpening and edge extraction. In this work,
the detector array serves both signal detection and
convolution calculation functions. To process image
inputs, the pixel grayscale values are encoded into
optical intensities (P;). The encoding leverages the
linear photoresponse of the p-GO sensor, ensuring
that each pixel’s optical power is directly
proportional to its normalized grayscale value,
thereby providing a precise and reproducible
mapping from digital image information to analog
optical stimuli: P~=PmintGi(Pmax—Pmin), Where G; is
the normalized grayscale value of the pixel i, and
Prnin and Ppnax are the minimum and maximum
optical intensities. The laser output, controlled by a
variable optical attenuator (VOA), is programmed
according to this mapping to achieve the target light
intensity for each sensor unit. Subsequently, the
mapped optical intensity (P;) is applied to each pixel
using a reflective spatial light modulator. The array
is configured by assigning specific voltages to each
64-channel

effectively programming the photoresponsivity (R;)

pixel through a voltage source,

of each sensor to implement a convolution kernel.
After the optical input, the total photocurrent
I= Z (Ri ’ R) is

a  miultiply-accumulate

measured, corresponding to
(MAC) operation that

represents the processed pixel value. For the
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purpose of image processing, we select four kernels

-1 =2 -1
matrices as examples, including |0 0 O
1 2 1
1 0 -1
for bottom edge detection, |2 0 -2| for left
1 0 -1
0 -1 0
edge detection, |—-1 5 —1| for sharpen, and
0 -1 0

1 00
0 1 0| for motion blur. These matrices are
0 0 1

designed to perform specific convolution operations
on the input images, allowing for various image
manipulation and feature extraction tasks.

of the
illustrated in Fig. 4. For our experiments, we utilize

The results image processing are
three grayscale cartoon images with an 8-bit depth:
greeting, query, and travelling. The dimensions of
the greeting and query images are 258x258 pixels,
while the travelling image has a larger size of
1 185x1 185 pixels.
grayscale value of each pixel in the input images is

In our methodology, the

employed to encode the corresponding light

intensity. The light intensity is adjusted by
modulating the laser output intensity continuously
and then input into the sensor array. By analyzing
the resulting photocurrent outputs, we obtain the
processed images that undergo the convolution
operation. We compare the experimental results with
theoretical calculations and observe that they exhibit
a closely matching trend (Figs. S5-S7 and Table S1,
Supplementary files). As shown in Fig. 4, the
application of bottom Sobel and left Sobel kernels
effectively emphasizes lower and left edges,
respectively, while alternative Sobel matrices can
enhance upper and right edges. This approach is
valuable for recognizing edge features in images.
Furthermore, the utilization of sharpening and

motion blurring kernels produces distinct effects on



Page 12 of 17

processed images. These techniques are essential for
edge feature recognition in the field of image
processing. When comparing different images, it can
be observed that the edge-enhancement effect for the
travelling image appears visually different from the
greeting and query images. This originates from the
relative scale between the convolutional kernel
and the image resolution: in the 258x258-pixels
images, the 3x3 kernel corresponds to a relatively
large receptive field, leading to stronger visual
contrast, whereas in the 1 185x1 185-pixels image
the same kernel corresponds to a much smaller

Raw image Bottom Sobel

Greeting

Traveling

Left Sobel

Photonic Sensors

receptive field, capturing finer structures and
producing more localized and detailed edge features.
Thus, the variation reflects a resolution-dependent
scaling effect that is consistent with the convolution
theory and highlights the versatility of the device in
processing images across resolutions. For practical
applications involving images of different sizes,
tailoring the kernel scale or device design to achieve
an appropriate receptive field can further optimize
performance, underscoring the potential of adaptive
kernel-device co-design strategies in neuromorphic

image processing.

Sharpen Motion blur

Fig. 4 Image convolution with in-sensor computing. Three original images and their convolving results by four kernels including
bottom Sobel, left Sobel, sharpen, and motion blur. Top: greeting (258%258 pixels); middle: query (258%258 pixels); low: traveling

(1 185x1 185 pixels).

By performing in-sensor analog MAC operations
directly at the point of photon detection, the p-GO
sensor array inherently integrates sensing and
computation, effectively bypassing the conventional
“sense-digitize-transmit-process” pipeline used in
traditional digital imaging systems. This direct
integration not only simplifies the processing

workflow but also substantially reduces energy
dissipation, resulting in ultra-low static power
consumption. Experimental measurements indicate
that each channel consumes only ~8 uW (4 V and
2 pA), and for the entire 3x3 array, the total static
power remains below 72 uW. The exceptionally low
power is primarily attributed to the passive electrical
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nature of the p-GO core and the elimination of
intermediate conversion and amplification steps, as
the first-layer computation is performed inherently
during photon detection. To quantitatively assess the
energy efficiency of this approach, a representative
3x3 Sobel operator is applied to a 258x258-pixel
image, yielding a total energy consumption of
52.4 mJ. This evaluation highlights the advantage of
merging photodetection and initial convolutional
computation within the sensor array, in contrast to
the conventional digital pipelines, which incur
additional energy overhead from continuous pixel
readout, frame digitization, and subsequent
computation in separate processors. Overall, the
p-GO highly
energy-efficient paradigm for edge vision processing,
with
scalable analog computation, which is particularly

sensor  array demonstrates a

combining the ultra-low static power

advantageous for always-on neuromorphic applications.

2.4 In-sensor CNN for image recognition

The MAC operation characteristics of the GO
sensor array mentioned above suggest that these
devices are capable of serving as image classifiers in
the convolutional neural network (CNN). To
demonstrate this, we fabricate a 3%3 sensor array
and established a CNN
recognizing letters “Z”, “J”, and “L”. The Gaussian

for the purpose of

noise with different standard deviations (6=0.1, 0.2,
0.3, 0.4, and 0.5) is randomly added to three original
letters, resulting in letter images with various levels
of noise, as depicted in Fig. 5(a). These letter images,
along with their corresponding noise levels, are then
split into separate training and test datasets. In
Fig. 5(b), the CNN architecture consists of an input
layer that detects a 5x5-pixel image, followed
by a convolutional layer comprising three 3%3
convolutional kernels, and a 27x3 fully connected
(FC) layer. The convolutional kernels are loaded
onto the device using voltage signals. Each pixel of
the input image is encoded into optical intensity,
device to

allowing the illuminate each pixel
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accordingly. The device then performs sequential
convolution operations with these three kernels,
resulting in a total of 27 photocurrent outputs. These
photocurrents are subsequently fed into the FC layer
in the computer, where they contribute to the
generation of three output values for label
determination.

The dependence of classification accuracy on
epochs is presented in Fig. 5(d). For ¢ values
ranging from 0.1 to 0.4, the accuracy quickly
reaches 100% after 16 epochs. Figure 5(c) shows the
values in the kernel 1 for 6=0.5 after 40 epochs. In
the case of the test datasets with 6=0.5, the accuracy
near 98% is achieved after 40 epochs. The variation
evolution for the three classifier neurons (f1, f2, f3) in
each epoch is presented in Fig. 5(e). For all “Z”, “J”,
and “L” images, the target image can be well
labels, which

demonstrates the successful recognition. Utilizing

distinguished from all three
these kernels, the simulated and experimental results
for 6=0.5 are summarized in the confusion matrices
in Fig. 5(f). The p-GO based CNN reaches the
accuracy of 97.7%, comparable with the simulated
results obtained from a computer (96.6%). To
further assess the performance boundaries and
generalization capabilities of the p-GO sensor-based
CNN, we conduct additional simulative analyses
under higher and previously untested noise levels.
While the CNN achieves high accuracy (97.7%) for
the Gaussian noise within ¢=0.1 to 0.5 for the letter
recognition task (classes “Z”, “J”, and “L” in
5x5-pixel images), simulating with higher noise
levels (6=0.6 to 0.9) shows a gradual decrease in
(Fig. S8,
files). Specifically, at 0=0.6, the accuracy decreases
to 92.6%, and at ¢=0.9, it drops to 82.0%. This
reduction reflects the inherent limitation of the

classification accuracy Supplementary

model’s generalization beyond its trained noise
range, rather than any deficiency of the p-GO sensor
hardware. Importantly, the sensor array continues to

perform precise and programmable MAC operations
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with linear photoresponse and reliable weight
encoding. These results indicate that while the

Photonic Sensors

algorithm’s trained operational domain, underscoring

the need for potential future exploration of

hardware remains fully functional, the overall noise-resilient network architectures to extend
system-level performance is governed by the robust classification capabilities.
(a) (b)
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Fig. 5 GO sensor array for classification tasks: (a) 5x5 images of letters “Z”, “J”, and “L”, and examples of their variants with the
random Gaussian noise 6=0.1 to 0.5, (b) schematic diagram of the CNN for image classification based on the GO sensor array, (c) the
weight value of the kernel 1 after 40 epochs for =0.1 (row and column indexes are labeled m and r), (d) classification accuracy of the
classifier during training for datasets with different noise levels, (e) evolution for the three classifier neurons fi, f2, and f3 in 40 epochs
for images with a noise level of 6=0.1, and (f) the simulated (top) and experimental (bottom) confusion matrices for 90 images from
the test dataset (colored diagonal elements in the table indicate the correctly identified cases).

3. Conclusions

We have presented a scalable TCNQ-doped GO
sensor designed for neuromorphic machine vision.
Through the implementation of the
Hummers method
successfully synthesize a large-area and high-quality
p-GO film. The exhibits

photodetection performance. With precise control

refined

and p-type doping, we

device excellent
over the photoelectric response, we have established
an array of p-GO sensors as programmable kernels
for optical image edge processing and convolutional
neural networks, achieving the impressive accuracy
of up to 97.7% in letter recognition tasks. Our work
highlights the
TCNQ-doped graphene oxide films in neuromorphic

significant application value of

detectors. Furthermore, the integration of ultrathin
and flexible characteristics in this device holds the

great potential for expanding the application of

artificial vision systems. With the potential for
real-time processing and reduced latency, the device
is expected to find applications in diverse fields,
such as smart home systems, wearable health
monitoring devices, and LiDAR in autonomous
vehicles. We anticipate that this research will
significantly contribute to the widespread production
and commercial

application of neuromorphic

detectors.

Supplementary files

The supplementary files can be downloaded
from the webpage of this article in Photonic Sensors
(https://www.sciopen.com/journal/1674-9251).
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