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ABSTRACT 

The explosive growth of artificial intelligence has intensified demands for new computing paradigms beyond conventional 
von Neumann architectures. In response, brain-inspired computing-in-memory technologies are emerging as a promising path 
forward. Here, we designed a two-terminal optical synaptic device utilizing organic heterojunctions doped with gold nanorods 
(AuNRs), leveraging the electric field enhancement innate to the localized surface plasmon resonance (LSPR) effect. The device 
doped with 1 wt% AuNRs demonstrates a markedly enhanced light absorption capacity in the near-infrared (NIR) region of 808 nm. 
The generation rate of photogenerated excitons increases by 16.8%, while the probability of exciton dissociation rises by 8.4%. 
The paired-pulse facilitation (PPF) index reaches 114.6% ( Δt = 1 s), indicating heightened sensitivity to optical pulse parameters. 
Additionally, Hall effect measurements were performed to characterize the electrical properties of the PEDOT:PSS:AuNRs films. 
The carrier mobility of the doped films increased 20-fold compared to pristine PEDOT:PSS due to electron injection from AuNRs. 
This enhanced mobility contributes to faster synaptic response and higher conductance tunability in the synapse device, further 
supporting its performance in neuromorphic computing tasks. Furthermore, we successfully simulated the dynamic “learning–
forgetting–relearning” processes associated with human visual memory. By exploiting the tunable conductance of the optimized 
synaptic device, we implemented both convolutional neural networks (CNNs) and convolutional spiking neural networks (CSNNs) 
for weight updates. After 100 and 150 training epochs, the system achieved recognition accuracies up to 98.57% for handwritten 
digits and 92.01% for dynamic gestures. This work presents an effective plasmon-doping approach to enhancing the performance 
of organic memristors and can be extended to other material systems. 
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1 Introduction 

With the continuous evolution of AI technology across various
application fields, including intelligent manufacturing, smart
cities, healthcare, and autonomous driving, the demand for com-
puting power is experiencing exponential growth [ 1 ]. Traditional
silicon chips based on the von Neumann architecture suffer
from the physical separation of memory and processing units,
leading to frequent data transfers that consume over 90% of time
and energy, and are no longer able to meet the ever-increasing
demands for computational power and energy efficiency [ 2, 3 ].
Biologically inspired strategies like neuromorphic computing
enable parallel information processing, offering a promising route
to overcome these bottlenecks [ 4, 5 ]. In the human brain, the
visual system—responsible for sensing and preliminarily pro-
cessing optical signals—accounts for over 80% of sensory infor-
mation input [ 6 ]. Optoelectronic synaptic devices are capable
of efficiently integrating optoelectronic signal sensing, process-
ing, and memory functionalities [ 7–12 ]. Moreover, these devices
are susceptible to both optical stimulation and voltage signals,
thereby enhancing computational speed while simultaneously
minimizing crosstalk and energy consumption [ 13–17 ]. Near-
infrared (NIR) light, with its strong penetration, biocompatibility,
low power consumption, and resistance to interference in dark or
complex environments, plays a crucial role in applications such
as night surveillance, optical communication, data encryption,
physiological monitoring, and medical imaging. Notably, neuro-
morphic chips based on NIR-responsive photoelectric synapses
offer significant advantages for sensor-computing integration in
brain–computer interfaces and biomedical applications [ 18–21 ]. 

However, most photoelectric synaptic devices to date rely on
inorganic semiconductors, which, due to their intrinsic bandgap
limitations, typically exhibit high sensitivity only within the vis-
ible spectrum, while showing poor or negligible response to NIR
light. This spectral constraint leads to high power consumption
and compromised long-term stability, limiting their applicabil-
ity in NIR-related scenarios [ 22–29 ]. Furthermore, inhibitory
postsynaptic currents (IPSCs) within inorganic optoelectronic
synapses are typically induced through electrical pulses or by
modulating the polarity and amplitude of the voltage, which
complicates artificial neural network (ANN) algorithms, further
leading to additional energy expenditure [ 30, 31 ]. Additionally,
inorganic semiconductor synaptic devices generally employ a
three-terminal transistor structure, which not only entails a
complicated fabrication process with elevated costs but also
suffers from limited mechanical flexibility and biocompatibility.
The degree of integration for the transistors is also approaching
the physical limit, making it increasingly difficult to satisfy the
growing practical demands associated with artificial intelligence
applications. 

Organic optoelectronic synaptic devices intrinsically possess sev-
eral advantageous characteristics, including structural tunability,
adjustable electronic bandgaps, solution processability, mechan-
ical flexibility, and superior biocompatibility. Furthermore, the
two-terminal memristor-type photoelectric synapses based on
organic semiconductors exhibit structural and operational simi-
larities to biological synapses, facilitating their integration with
microprocessor cores on-chip. Among organic optoelectronic
synaptic devices, those based on photovoltaic-type bulk het-
2 of 16
erojunction (BHJ) structures exhibit enhanced photoelectric 
performance owing to their large interfacial areas and abundant
defect sites, which facilitate efficient exciton generation and 
dissociation [ 32, 33 ]. Leveraging these structural advantages
enables the construction of analog memristors with improved 
light response, suppressed dark current, and reduced power con-
sumption, thereby advancing high-performance optical synaptic 
learning, memory emulation, and neuromorphic computing [ 34–
37 ]. Currently, research on optoelectronic synapses utilizing 
organic BHJ is still in its early stage. There are limited reports
regarding reconfigurable devices that exhibit excellent spectral 
response capabilities in the NIR region. In 2025, our group made
a pioneering contribution by reporting a flexible two-terminal 
memristor based on the PM6:L8-BO active layer [ 38 ]. This
device successfully demonstrated long-term potentiation (LTP) 
and long-term depression (LTD) under full NIR light excitation.
Additionally, we constructed an artificial reflection arc using
this synaptic device, achieving the complete operational chain 
encompassing perception, storage, processing, and execution 
within a simulated biological system. 

In this work, to further enhance NIR light responsivity and reduce
the power consumption of BHJ organic photonic synapses (BHJ-
OPSs), gold nanorods (AuNRs) with strong localized surface 
plasmon resonance (LSPR) effect were incorporated into the 
electron-blocking layer (EBL), enabling the realization of a 
two-terminal BHJ-OPS device with significantly improved NIR 

photoresponse. Compared to the control device, the AuNRs- 
doped device demonstrates higher excitatory postsynaptic cur- 
rent (EPSC) and paired-pulse facilitation (PPF) index under NIR
pulsed light excitation. Additionally, it exhibits more pronounced 
synaptic behaviors such as spike number-dependent plasticity 
(SNDP), spike time width-dependent plasticity (STDP), and 
spike intensity-dependent plasticity (SIDP). Hall effect measure- 
ments show that AuNRs doping boosts carrier mobility and
switches conduction from p- to n-type, enhancing exciton dis-
sociation and transport, which together with plasmon-enhanced 
absorption improves overall synaptic performance. Furthermore, 
these plasmon-doped devices display exceptional adaptability 
and reconfigurability, with a single-synaptic event power con- 
sumption as low as 4.5 fJ. Spectral analysis, morphological
characterization, and theoretical simulations reveal that doping 
AuNRs into the PEDOT:PSS layer induces a strong LSPR effect
in the NIR region, significantly boosting exciton generation 
and dissociation efficiency, thereby enhancing overall synaptic 
performance. Based on the excellent photonic synaptic perfor-
mance of the AuNRs-doped BHJ-OPS, brain-inspired processes 
such as memory retention and forgetting were emulated. The
conductance states of the light-tunable devices were mapped 
to a convolutional neural network (CNN) and a convolutional
spiking neural network (CSNN) for weight updates, enabling 
high-accuracy recognition of static handwritten digits (98.57%) 
and dynamic gestures (92%). This work offers a promising
strategy for constructing fully light-controlled, NIR-responsive 
reconfigurable OPS in neuromorphic computing. 

2 Results and Discussion 

Figure 1a presents a schematic diagram illustrating the opera-
tional process of the human eye in perceiving external visual
Aggregate, 2026
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FIGURE 1 (a) Schematic of the human visual system. (b) TEM image of as-prepared AuNRs. (c) The device configuration of the doped device: 
ITO/PEDOT:PSS:AuNRs/PM6:L8-BO/PFN-Br/Ag. (d) The chemical structures of the donor (PM6) and acceptor (L8-BO) materials as used in the BHJ- 
OPS device. (e) Energy level diagram of the doped BHJ-OPS device. (f) Cross-sectional SEM image of the doped BHJ-OPS device. (g) UV-vis-NIR 
absorption spectra of PM6:L8-BO film and the AuNRs aqueous solution, respectively. 
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information. When external light is focused onto the retina
through the refractive lens, the photoreceptor cells located on
the retina, specifically cone cells (responsible for bright and color
vision) and rod cells (responsible for dim light vision), convert
photons into neural electrical signals [ 39, 40 ]. Subsequently,
bipolar cells directly receive signals from photoreceptor cells
and transmit them to ganglion cells. In addition, amacrine
cells connect bipolar and ganglion cells laterally, contributing to
dynamic signal processing such as motion detection. Ultimately,
the axons of ganglion cells converge to form the optic nerve,
which transmits visual signals to the brain’s visual cortex for
final processing and formation of visual perception. Synapses
serve as critical nodes facilitating precise transmission, modu-
lation, integration, and computation of visual signals between
neurons. They significantly influence both processing efficiency
and perceptual quality of visual information [ 41, 42 ]. Recently,
it has been recognized that the two-terminal memristor-type
Aggregate, 2026
photonic synapses exhibit structural and functional similarities 
to biological synapses and can be seamlessly integrated on-chip
with microprocessor cores [ 43 ]. 

To improve the NIR synaptic performance of OPSs, we focus
on the design and synthesis of AuNRs with LSPR extinction
wavelengths extending beyond 800 nm. To achieve this, finite
element method (FEM) simulations were first conducted to 
explore how the LSPR extinction wavelength correlates with the
structural dimensions of the AuNRs, offering guidance for precise
LSPR tuning. Figure S1a presents the contour plot of the LSPR
extinction wavelength as a function of AuNRs width and length.
Figure S1b shows the extinction spectrum of AuNRs with a length
of 65 nm and a diameter (width) of 15 nm. The results confirm
that adjusting the AuNRs’ geometry can effectively modulate 
the LSPR extinction wavelength in the NIR regime, promising
to enhance the performance of OPSs. Figure 1b presents a
3 of 16
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transmission electron microscopy (TEM) image of our prepared
AuNRs, revealing a uniform nanorod-like morphology with an
average length of 65.26 ± 6.75 nm and an average width of 14.60
± 1.94 nm, respectively (see Figure S2 ), matching well with the
simulation configuration. 

Figure 1c illustrates the device configuration featuring ITO as
the transparent anode, PEDOT:PSS or PEDOT:PSS:AuNRs as
the EBL, and PFN-Br as the hole-blocking layer (HBL). The
active layer is composed of PM6 (donor):L8-BO (non-fullerene
acceptor), with their molecular structures shown in Figure 1d .
The energy level diagram of the device is depicted in Figure 1e ,
illustrating a cascade alignment of the functional materials
that enhances light responsivity while maintaining synaptic
characteristics. Figure 1f displays a cross-sectional scanning
electron microscopy (SEM) image of the BHJ-OPS device, clearly
distinguishing the functional layers. Furthermore, as shown
in Figure 1g , the ultraviolet–visible–near-infrared (UV-vis-NIR)
absorption spectrum reveals that the PM6:L8-BO blend film
exhibits complementary absorption over the wavelength range
of 380–1000 nm (Figure S3 ). In addition, the aqueous solution
of AuNRs exhibits strong absorption in the wavelength range of
650–1050 nm [ 44, 45 ]. When 1 wt% AuNRs were incorporated into
PEEDOT:PSS, the resulting PEEDOT:PSS:AuNRs/PM6:L8-BO
film demonstrates a significantly enhanced NIR light absorption
performance compared to the undoped film. This would have
a substantial impact on the NIR synaptic performance of the
AuNRs-doped BHJ-OPSs. 

We investigated how varying the AuNRs concentration affects
synaptic performance. Figure S4a,b displays the EPSC and PPF
results for undoped, 0.5%, 1%, and 2% doped devices triggered by
808 nm optical pulses (0.51 mW cm− 2 , 5 s pulse width). Among
these, the device with 1% AuNRs content exhibited superior per-
formance, characterized by the highest initial EPSC and the most
prolonged decay time. Regarding short-term plasticity, although
the PPF index inversely correlated with pulse interval ( Δt ) across
all groups, the 1% doped device maintained a maximum PPF
index of 114.3% ( Δt = 1 s), surpassing the 110.8% observed in
the undoped counterpart. These results underscore the critical
role of AuNRs in boosting synaptic functionality. Therefore, the
1% AuNRs concentration was selected as the optimal condition
for the remaining experiments and applications. Initially, by
measuring the light and dark currents of an undoped and 1%
doped device, we determined that the built-in potentials for the
doped and undoped devices are 0.3 V and 0.5 V, respectively,
as illustrated in Figure 2a and Figure S5a . This result indicates
a decreased operating voltage in the doped device, suggesting
enhanced photoresponsive ability and demonstrating its potential
advantages in synaptic plasticity. Moreover, we measured the
carrier mobility of both PEDOT:PSS and PEDOT:PSS:AuNRs
films using Hall measurements (Figure 2a inset), calculated by
𝜇 = ∣𝑅H ∣

𝜌
(where 𝑅H is the Hall coefficient, and ρ is resistivity).

We found that the mobility of PEDOT:PSS:AuNRs (20.8 cm2 V− 1 

s− 1 ) is significantly higher than that of the pristine PEDOT:PSS
film (1.0 cm2 V− 1 s− 1 ), indicating that the incorporation of AuNRs
can enhance the carrier transport capability of the devices, which
is consistent with the single-carrier results, as shown in Figure
S6 . This may be because the AuNRs form conductive pathways
within the PEDOT:PSS matrix, which facilitates carrier transport.
4 of 16
The detailed procedures and results are provided in Tables S1 and
S2 , and Figures S10 and S11 . Notably, the pristine PEDOT:PSS film
is p-type, while the AuNRs-doped film exhibits n-type character,
as evidenced by their opposite Hall voltages, which we attribute
to electron doping from the AuNRs. Figure 2b and Figure S5b
present the I –V curves of the doped device and control device
obtained over 10 repeated cycles under 808 nm light pulses at
a bias voltage of 0.8 V. The control device exhibits a smaller
memory window and unstable memristive behavior. In contrast,
the doped device shows a gradual increase in conductivity over
successive dual forward sweeps, indicating a stable and reliable
light-triggered synaptic response. Furthermore, the device exhib- 
ited a distinct hysteresis window, indicating reversible resistive
switching behavior. Notably, 10 clearly distinguishable resistance 
states were identified, highlighting the device’s potential for 
multi-level memory storage and synaptic weight modulation in 
neuromorphic systems. 

To further explore how effectively the doped device responds to
light at different wavelengths, we then employed pulsed light
sources at wavelengths of 380 and 525 nm (0.51 mW cm− 2 , 1
s pulse width) as excitation stimuli, respectively, as shown in
Figure S7a,b . Figure 2c compares the variations in the device’s
conductance states under these three illumination conditions. 
It is evident that the device exhibits hysteresis windows and
resistive switching behavior under all three wavelengths. Notably, 
under 808 nm illumination, the resistive switching behavior 
is the most pronounced, with 10 well-distinguished conduc- 
tance states, indicating a particularly strong photoresponse to 
NIR light. This enhancement is primarily attributed to robust
LSPR effects exhibited by AuNRs within NIR regions, which
markedly improve their responsiveness toward such wavelengths.
To explore the influence of AuNRs doping on the EPSC response,
devices were subjected to pulsed light stimuli at 380, 525,
and 808 nm (0.51 mW cm− 2 , 1 s pulse width). As illustrated
in Figure S8 and Figure 2d , the EPSC triggered by 808 nm
illumination was markedly stronger than those induced by 380
and 525 nm light. Notably, the device doped with 1% AuNRs
exhibited a significant enhancement in EPSC under 808 nm
stimulation compared to the control device, indicating the 
effectiveness of AuNRs incorporation in boosting NIR synaptic 
performance. 

Synaptic plasticity plays a crucial role in computational processes,
memory retention, and learning functions within biological 
nervous systems. The PPF index is a typical measure of short-
term plasticity (STP), which refers to the accumulation of carriers
generated when a second light pulse excites a device while
residual carriers from an initial pulse remain active, thereby
eliciting a heightened EPSC response (as depicted in Figure 2e ).
PPF can be calculated using Formula ( 1 ) [ 46 ]: 

PPF = ( 𝐴2 ∕𝐴1 ) × 100(%) (1) 

Here, A1 and A2 represent postsynaptic currents (PSCs) following 
the first and second pulse stimuli, respectively. PPF is directly
influenced by both time intervals and pulse frequencies between
consecutive stimuli. Reducing the interval Δt between two suc-
cessive pulses—or conversely increasing their frequency—will 
result in either an increase or decrease in PPF or synaptic weights.
Aggregate, 2026
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FIGURE 2 (a) I –V characteristic curves of the doped BHJ-OPS device under light and dark conditions (inset: the real device connection image). 
(b) The I –V curves of the doped BHJ-OPS device after 10 consecutive dual positive voltage sweeps under 808 nm light illumination. (c) Variations in 
conductance states of the doped BHJ-OPS device under illumination of 380, 525, and 808 nm, respectively. (d) The EPSC of doped and undoped BHJ-OPS 
devices. (e) EPSC stimulated by two continuous 808 nm light spikes for doped and undoped BHJ-OPS devices. (f) The PPF index of doped and undoped 
BHJ-OPS devices, resulting from light pulses (1 mW cm− 2 , 1 s pulse width) at a wavelength of 808 nm, respectively, plotted against Δt . EPSC curves of 
(g) undoped BHJ-OPS devices and (h) doped BHJ-OPS device under different number of 808 nm light pulses. The effects of (i) pulse numbers, (j) pulse 
widths, and (k) intensities of 808 nm light pulses on the EPSC change values ( ΔEPSC s ) of BHJ-OPS devices, respectively. 
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When there is minimal temporal separation between identical
stimuli, memory strength within neural circuits tends to enhance.
Conversely, longer intervals correlate with diminished memory
retention and increased likelihood of forgetting [ 47 ]. The PPF
index of the doped and undoped devices exhibits a gradual
decline as the interval Δt extends from 1 to 10 s, as illustrated
in Figure 2f . This decay behavior can be well described by a
Aggregate, 2026
double-exponential fitting model, expressed as follows: 

PPF = 𝐶1 exp −
Δ𝑡 
𝜏1 

+ 𝐶2 exp −
Δ𝑡 
𝜏2 

(2) 

where τ1 and τ2 denote the relaxation time constants corre- 
sponding to the fast and slow decay components, respectively.
5 of 16
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It can be observed that when Δt equals 1 s, the PPF index
for the device containing AuNRs measures at 114.6%, notably
surpassing that of the control device at 111.8%. Furthermore, as
Δt increases, both doped and undoped devices exhibit a gradual
decline in their respective PPF indices. This indicates that doping
with AuNRs can significantly enhance the optical response and
synaptic performance of the device. The PSC of the device can
be effectively modulated by varying the number, duration, and
intensity of light pulses. Figure 2g,h illustrates the SNDP for
both undoped and doped devices, demonstrating that the EPSC
increases as the number of pulses rises from 1 to 5. Specifically, for
the undoped device, PSC increased from 0.476 to 0.577 mA, while
for the doped device, it rose from 0.520 mA to a higher value of
0.674 mA, indicating a more substantial increase. Moreover, as
depicted in Figure S9 , synaptic plasticity can be modulated by
tuning the width and intensity of the presynaptic light pulses.
Figure 2i–k further depicts how plasticity varies with respect
to the number, width, and intensity of light pulses for both
undoped and doped devices. It is evident that as these parameters
increase—namely pulse number, width, and intensity—the PSC
progressively rises. Notably, this increase is more pronounced in
the doped device compared to its undoped counterpart. These
findings strongly support that doped devices exhibit superior
NIR light responsiveness. Consequently, the AuNRs-doped BHJ-
OPS demonstrates enhanced plasticity, which will translate into
improved neuromorphic perception capabilities in the artificial
vision system. 

Individuals tend to forget certain information they have learned
over time. During the process of relearning, they typically require
less time to re-acquire previously forgotten information, while
simultaneously enhancing their memory retention. To simulate
this biological learning process, we employed the doped device
to mimic empirical learning behavior (Figure 3a ). As illustrated
in Figure 3b , during the initial training stage, the EPSC of the
device significantly increased upon continuous application of 30
light pulses. Following the cessation of light pulse stimulation,
a gradual attenuation process resembling memory decay was
observed over a period of approximately 30 s (short-term memory
[STM]). In contrast, during the second training stimulus, only 13
consecutive light pulses were necessary to achieve an equivalent
PSC level that was attained after the first training session—
substantially fewer than the 30 light pulses required initially.
Furthermore, the rate at which current decayed (indicative of
forgetting) was slower in this instance (57 s), thereby demon-
strating the efficacy of empirical learning (long-term memory
[LTM]) [ 48 ]. To further investigate differential responses under
continuous light stimulation, we applied 10 consecutive 808 nm
light pulses and successfully obtained 10 distinct conductance
states (Figure 3c ), indicating that the device possesses multilevel
storage capabilities when subjected to optical stimuli. 

Additionally, we discovered that these devices exhibit neuro-
morphic characteristics akin to those found in human irises:
upon applying a series of 1 Hz pulsed lights at a wavelength
of 808 nm to the AuNRs-doped BHJ-OPS device, we noted an
initial increase in PSC; however, after approximately 65 pulses
had been administered, there was a gradual decline in PSC levels
(Figure 3d ). This phenomenon parallels how biological irises
regulate incoming light flux by adjusting pupil size in response to
intense illumination—thereby preventing retinal damage. Such
6 of 16
adaptability highlights the potential of a doped device to maintain
robust performance and enable accurate perception even in 
complex environments [ 49 ]. To further evaluate retention over
extended timescales, we monitored the conductance states over 
12 h under ambient conditions, as shown in Figure 3e . The
devices exhibit a slow and gradual conductance decay rather
than abrupt failure, indicating intrinsically stable memory states.
The dominant retention-loss mechanism is attributed to the 
gradual relaxation of trapped charges at the interfacial states
within the BHJ and at the electrode/organic interfaces. This
charge detrapping process occurs over long timescales and is
commonly observed in organic synaptic and memory devices. 
Importantly, no irreversible degradation or sudden conductance 
collapse was observed, suggesting that the memory loss is gov-
erned by reversible charge trapping and detrapping processes
rather than chemical or structural damage. This indicates that
the doped device possesses excellent LTM retention capability. 
As depicted in Figure 3f , reversible potentiation and depression
behaviors were reliably triggered by alternately applying 25 
optical pulses at 808 nm (1 mW cm− 2 , 1 s) and 25 pulses at 1060 nm
(10 mW cm− 2 , 1 s). Moreover, even under repeated LTP/LTD
cycles applied to randomly chosen devices, the output current
exhibited minimal variation with increasing cycle number. These 
findings collectively confirm that the all-optically driven synaptic 
plasticity can be stably and repeatably modulated, underscoring
the strong reproducibility of the doped devices. To demonstrate
the repeatable reliability of the BHJ-OPS in practical applications,
device-to-device and cycle-to-cycle variations for five devices 
have been further tested, as shown in Figure S12 . Furthermore,
when multiple LTP/LTD cycles are applied to the randomly
selected device using repeated light pulses, the current shows
only a negligible change, even as the number of cycles increases.
All the above results demonstrate that the all-optically induced
LTP and LTD can be operated stably and repeatably, indicating
the excellent reproducibility of our BHJ-OPS. Although minor
variations are observed, which can be attributed to fabrication-
induced inhomogeneity of devices, the overall synaptic behaviors 
and modulation trends remain highly consistent across devices. 
The energy consumption per synaptic event ( E ) is a key metric
for assessing the efficiency of photonic synaptic devices [ 50 ]. It
was estimated using the following equation: 

𝐸 = 𝐼 × Δ𝑡 × 𝑉 (3) 

Here, I represents the peak EPSC, Δt denotes the pulse duration,
and V is the applied voltage. As shown in Figure 3g , when
a low voltage of 0.5 V was applied with a pulse duration of
1 ms, a discernible EPSC of 8.9 × 10− 12 A was still generated.
This results in an ultra-low energy consumption of just 4.5
fJ per event—outperforming the energy efficiency of natural 
biological synapses [ 51 ]. As summarized in Table 1 , the proposed
NIR synaptic device shows competitive performance in terms of
energy efficiency, response speed, array scale, and task accuracy
compared with previously reported NIR synaptic systems. From 

these results, it is evident that the doped BHJ-OPS device
exhibits favorable synaptic plasticity along with robust long- 
term retention characteristics. Additionally, it showcases light- 
controlled reconfigurability and sensitivity to weak light stimuli.
These attributes confer significant advantages for spatiotemporal 
information fusion applications, making it suitable for use in
Aggregate, 2026
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FIGURE 3 (a) Schematic of the transformation from STM to LTM in the human brain. (b) Learning experience behavior was emulated using two 
sequential 808 nm light pulse training stimulations. (c) Multistate behaviors of the doped BHJ-OPS device under 10 consecutive light stimulations. (d) 
Adaptive behavior of the doped BHJ-OPS device under continuous light pulses. (e) LTP behavior triggered by NIR light pulses (808 nm, 10 pulses). (f) 
Cyclic LTP/LTD curves of the doped BHJ-OPS device for the memory and forgetting process. (g) Ultralow energy consumption was measured at V = 

0.5 V with stimulation of 808 nm light pulse of 5 µW cm− 2 for 2 ms. 
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object recognition, enhancement tasks, and motion perception
within autonomous vehicles and monitoring systems [ 52 ]. 

The spatial distributions of the electric field intensity in OPS
with AuNRs embedded in the EBL, were investigated through
FEM simulations. As shown in Figure 4a,b , the electric field
distribution under 820 nm light excitation—near the LSPR peak
of the AuNRs—exhibits a pronounced near-field enhancement
around the AuNRs, particularly at their tips, with the enhanced
field extending into the active layer. These AuNRs exhibit
nanoantenna-like behavior, effectively increasing the optical path
length of incoming photons via scattering mechanisms, which
subsequently enhances light absorption within the active layer
[ 74 ]. To further understand the role of AuNRs in absorption
improvement, the time-averaged Poynting vector was computed
using the following expression [ 75 ]: 

Π⃗
(
𝑟 , 𝜔

)
= 1 
2 
𝐸⃗ 

(
𝑟 , 𝜔

)
× 𝐻⃗ 

(
𝑟 , 𝜔

)
(4)

Here, 𝐻⃗ denotes the magnetic field. The vector 𝜋⃗, representing
the time-averaged Poynting vector, was evaluated along the white-
dashed ellipsoids and red lines, as illustrated in Figure 4b .
These elements mark the positions where the extremities of
the Poynting vectors originate from the ellipsoidal contours.
The simulation result reveals that the scattered light propa-
8 of 16
gates predominantly perpendicular to the induced dipoles and 
is strongly directed forward—into the active layer—following 
the path of the incident light. This forward-directed scattering
becomes especially prominent in the NIR region, aligning with
the longitudinal dipolar plasmon mode. Besides, the Poynting 
vector reflects the direction and intensity of electromagnetic 
energy flow, highlighting the enhanced NIR absorption within 
the active layer attributable to the inclusion of AuNRs. These find-
ings are consistent with experimental observations. The results
indicate that the local enhancement of the electric field near
AuNRs is the primary driving factor for increased NIR absorption,
facilitated through the synergistic effects of LSPR, light scat-
tering, and their mutual interaction. This improved absorption
promotes greater exciton generation, thereby enhancing EPSC 

and extended retention time. 

To elucidate the influence of AuNRs doping on film
morphology and its correlation with optoelectronic 
performance, atomic force microscopy (AFM) measurements 
were conducted on ITO/PEDOT:PSS/PM6:L8-BO and 
ITO/PEDOT:PSS:AuNRs/PM6:L8-BO films, as shown in 
Figure 4c,d . The root-mean-square (RMS) roughness ( Rq )
of the AuNRs-doped film was measured to be 1.46 nm,
which is comparable to that of the pristine film (1.30 nm),
indicating that the incorporation of AuNRs does not significantly
perturb the surface morphology. This suggests that the AuNRs
Aggregate, 2026
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FIGURE 4 (a) Distribution of the electric field intensity of AuNRs under excitation of 820 nm light and (b) their corresponding electric field 
distribution within the OPSs. The scattering diagrams, plotted in red around AuNRs, represent the Poynting vector Π⃗ along the white-dashed ellipsoids. 
AFM images measured for the PM6:L8-BO blend layers coated on (c) a pristine PEDOT:PSS HBL and (d) the hybrid PEDOT:PSS:AuNRs HBL. (e) 
PL spectra of ITO/PEDOT:PSS/L8-BO and ITO/PEDOT:PSS:AuNRs/L8-BO thin films. (f) TRPL decay curves of ITO/PEDOT:PSS/PM6:L8-BO and 
ITO/PEDOT:PSS:AuNRs/PM6:L8-BO thin films deposited on quartz substrates. (g) Jph –Veff curves. (h) P ( E , T )–Veff curves. (i) The values of Gmax and 
P ( E , T ) obtained for OPSs fabricated without and with AuNRs, respectively. 
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are well embedded within the PEDOT:PSS layer and exert
minimal impact on the film-forming quality of the overlying
PM6:L8-BO layer. To further investigate the influence of LSPR
on exciton dynamics, steady-state photoluminescence (PL)
measurements were performed on ITO/PEDOT:PSS:AuNRs/L8-
BO and ITO/PEDOT:PSS/L8-BO films. As shown in Figure 4e ,
under 800 nm excitation, the PL intensity of the active layer
incorporating AuNRs exhibits a 43.91% enhancement compared
to the control film. Moreover, it also indicates that exciton
quenching at the interface between the PEDOT:PSS:AuNRs EBL
and the active layer is effectively suppressed, which is beneficial
for improving the device’s EPSC. This enhancement is primarily
attributed to the LSPR effect of the AuNRs, which strengthens the
NIR light absorption capability of L8-BO, as shown in Figure 4b .
To gain further insight into the carrier dynamics, time-resolved
photoluminescence (TRPL) measurements were performed on
OPS incorporating AuNRs and on a control device employing
pristine PEDOT:PSS as the EBL, as shown in Figure 4f . The
exciton lifetime was determined by fitting the PL decay process
Aggregate, 2026
using the following biexponential function [ 76 ]: 

𝜏 = 𝐴1 𝑒
− 𝑥∕𝜏1 + 𝐴2 𝑒

− 𝑥∕𝜏2 (5) 

Here, 𝐴1 and 𝐴2 represent the amplitudes of the first and second
decay components, while τ1 and τ2 denote the corresponding 
exponential decay constants. The AuNRs-doped device exhibited 
a reduced exciton lifetime of 0.77 ps compared to 0.83 ps for
the control device. This decrease is indicative of more efficient
exciton dissociation, likely facilitated by the intense localized 
electric field near the AuNRs. These results are in good agreement
with both experimental data and FEM simulations. Specifically, 
the presence of AuNRs within the EBL was shown to generate a
strong LSPR effect, producing an amplified near-field that pene-
trates the active layer (Figure 4b ). This configuration avoids the
exciton quenching typically associated with blending nanometal- 
lic structures directly into the active layer, thus preserving charge
generation efficiency while leveraging plasmonic enhancement 
[ 77 ]. 
9 of 16
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Beyond the optical absorption enhancement, the overall improve-
ment in photovoltaic performance can also be attributed to
factors such as exciton dissociation, charge transport, and carrier
collection efficiency [ 78 ]. To evaluate the influence of AuNRs
incorporated into the EBL on charge extraction, the photocurrent
density ( Jph ) versus effective voltage ( Veff ) characteristics of OPSs
were investigated, as shown in Figure 4g [ 79 ]. Here, Jph is defined
as Jph = JL − JD , where JL represents the current density under
0.51 mW cm− 2 , and JD denotes the dark current density. The
effective voltage is given by Veff = V0 − Va , with V0 as the built-
in potential and Va the applied bias. At low Veff , bimolecular
recombination limits carrier collection, resulting in incomplete
extraction of photogenerated carriers. As Veff increases ( > 0.6 V),
nearly all photogenerated carriers are effectively extracted, lead-
ing to a saturated photocurrent density ( Jsat ). Assuming that
all the photogenerated excitons are dissociated into free charge
carriers and collected without the recombination loss under the
high effective voltage, then the maximum exciton generation rate
( Gmax ) could be determined by the equation Jsat = qGmax L , where
q is the elementary charge and L is the BHJ thickness. The values
of Gmax calculated for the control device and AuNRs-modified
device are 2.08 × 1027 and 2.43 × 1027 m− 3 s− 1 , respectively. The
higher Gmax indicates that the charge generation efficiency of
the AuNRs-modified device is greater than that of the control
device, leading to a higher output current at 808 nm. Both the
control device and the AuNRs-modified device exhibit saturation
at a similar Veff , yet the latter achieves a higher Jph , indicating
improved exciton dissociation efficiency P ( E , T ). As presented
in Figure 4h,i , under low bias conditions ( Veff < 0.3 V), the
P ( E , T ) for the AuNRs-based OPS reaches 93.8%, which is sig-
nificantly higher than the 85.4% observed in the control device.
This enhancement confirms that the hybrid AuNRs–PEDOT:PSS
EBL facilitates more efficient exciton separation in the active
layer. 

The retina of the human eye is highly efficient in processing
image information and can simultaneously perceive and pro-
cess. Human visual memory is usually defined as a process of
“learning–forgetting–relearning” [ 80 ]. The intensity of external
stimuli is directly related to memory strength. By increasing the
intensity of stimuli, STM can be transformed into LTM [ 81 ]. To
explore the performance of the doped BHJ-OPS device prepared
in this work in terms of image recognition and memory, herein,
we conducted simulation training of the pattern recognition and
memory process using a 5 × 5 array device, where the learning
and forgetting processes of the array device can be associated with
the conductance states during and after stimulation, respectively.
Each image pixel is represented by one BHJ-OPS device, and the
real-time current of each device is displayed in the form of a heat
map. As shown in Figure 5 , during the training process, we used
808 nm light pulses as stimuli and encoded and memorized the
three characters “H,” “E,” and “F” in sequence with one, four,
and seven pulses (pulse width of 1 s), respectively. As shown
in Figure 5a , the array displays the character “H” after being
stimulated by one light pulse, simulating the neural memory
process. However, within the following 20 s, as the light pulse was
removed, the current value of the device gradually decreased, and
the “H” character gradually became very blurred. This process
is very similar to the “forgetting process” of human vision. This
also indicates that the device’s memory of a single optical pulse
stimulus is not “deep” and is insufficient to retain image infor-
10 of 16
mation. The “E” letter memorized by applying four consecutive 
light pulses, as shown in Figure 5b , can still retain relatively
clear image information after a 20 s of forgetting process, while
the “F” letter memorized by applying seven consecutive light 
pulses has a much slower forgetting process. A complete and clear
image contour can still be presented after a 20 s of forgetting
process (Figure 5c ). This result is consistent with the previous
device synaptic plasticity test experiments, indicating that by 
increasing the number of pulses, the device can achieve the
transformation from STM to LTM, thereby effectively simulating
the characteristics of human visual memory. 

To investigate the capabilities of AuNRs-doped BHJ-OPS device 
as an artificial vision system in the realm of image recognition, we
further designed and fabricated a 26 × 26 BHJ-OPS device array, as
illustrated in Figure 6a . Owing to the excellent adaptability of the
doped BHJ-OPS device, we initially preprocessed and denoised 
blurred handwritten digit images such as “7” and “2” from the
MNIST database under both weak light and strong light condi-
tions. The resulting images preserved the essential information
of the original images (Figure 6b–e ). Subsequently, we simulated
the recognition process of these denoised handwritten digit 
images using a CNN algorithm facilitated by the doped BHJ-OPS
device. As depicted in Figure 6f , this CNN architecture comprises
two convolutional layers, two pooling layers, and three fully
connected layers. The output vector is derived by multiplying the
synaptic weight matrix with the input vector followed by trans-
formation through a ReLU activation function. We calculated 
the neural network weights based on the discrepancies between
output values and corresponding label values using gradient 
descent and backpropagation (BP) algorithms. The constructed 
26 × 26 BHJ-OPS device array was utilized as a static visual
information processor for unsupervised hue mapping within 
CNNs to mitigate external interference during recognition tasks.
Then, the handwritten digit images that had been preprocessed
by the BHJ-OPS device were used from the MNIST database for
training and testing purposes. Each training cycle encompassed 
approximately 60,000 sessions, and each session consisted of ran-
domly ordered training images representing MNIST handwritten 
digits ranging from 0 to 9 (i.e., each digit underwent roughly
6000 learning sessions). Figure 6g,h illustrates how loss rate
variations and recognition accuracy trends evolve over time for
both training sets and test sets throughout increasing training
periods, respectively. It can be seen clearly that after 100 training
cycles, the recognition accuracy of the CNN algorithm based on
BHJ-OPS gradually increases and reaches saturation at around 
98.57%. Figure 6i shows the confusion matrix results of the CNN
model in recognizing images with noise interference after 100
training cycles, indicating that the numbers from “0” to “9” can
be well distinguished. 

Dynamic gesture recognition plays a crucial role in various
application domains, including healthcare, human-computer 
interaction, and cognitive neuroscience research [ 82 ]. To further
validate the functionality of the doped BHJ-OPS device as an
event camera for dynamic gesture recognition, we developed a
CSNN model based on the CNN algorithm. As illustrated in
Figure 7a , the CSNN comprises four convolutional layers, two
pooling layers, and three fully connected layers. The output
pulse sequence is generated through spatiotemporal integration 
of the synaptic weight matrix with the input event frame
Aggregate, 2026

e C
om

m
ons L

icense



FIGURE 5 (a–c) are the “H,” “E,” and “F” shaped letter masks, respectively. (a1 –a3 ) are the image mappings at three time points of 0, 10, and 
20 s, respectively, after irradiating the doped BHJ-OPS device with (a0 ) one pulse of 808 nm light under “H” shaped letter mask. (b1 –b3 ) are the image 
mappings at three time points of 0, 10, and 20 s, respectively, after irradiating the doped BHJ-OPS device with (b0 ) four pulses of 808 nm light under “E”
shaped letter mask. (c1 –c3 ) are the image mappings at three time points of 0, 10, and 20 s, respectively, after irradiating the doped BHJ-OPS device with 
(c0 ) seven pulses of 808 nm light under “F” shaped letter mask. 
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and subsequently processed using the Leaky Integrate-and-Fire
(LIF) neuron model. During training, an alternative gradient
method—such as the ATAN function—is employed to approx-
imate the impulse gradient, thereby replacing traditional BP
algorithms to address issues related to impulse neuron discrete-
ness. We trained and evaluated the CSNN model utilizing the
DVS128Gesture dataset, which contains 1464 samples, repre-
senting 11 distinct gestures captured by Dynamic Vision Sensor
(DVS) cameras under three different lighting conditions. These
gestures are represented as event streams with point clouds
that illustrate spatiotemporal variations recorded by DVS tech-
nology. The dynamic characteristics inherent in these events
enable effective tracking and classification of gestures via neural
networks. 

In comparison to conventional frame-based cameras, event cam-
eras significantly minimize data redundancy and processing
time. The number of linearly programmable conductance states
alongside effective conductance states is pivotal for achiev-
ing recognition accuracy and efficiency within neuromorphic
computing frameworks. Leveraging both a wide range of con-
ductance variation and an approximately linear weight update
methodology afforded by the doped BHJ-OPS device allows us
to simulate dynamic gesture recognition tasks based on the as-
established CSNN model. Figure 7b depicts five distinct human
gestures: left-hand waving, arm-clamping rolling, clapping, right
arm counterclockwise rotation, and left arm counterclockwise
rotation. Figure 7c presents a visualization window for the CSNN
model’s predictions of five distinct motion gestures, respectively.
Aggregate, 2026
It is evident that the dynamic characteristics of the events
depicted in Figure 7b enable the CSNN model, which utilizes the
BHJ-OPS device, to effectively track and classify these gestures.
Figure 7d,e illustrates the relationship between the loss rate and
recognition accuracy of the CSNN model relative to the number
of training sessions. After completing 150 iterations of training,
the recognition accuracy achieved by the CSNN model based on
the BHJ-OPS device for dynamic gestures reached an impressive
92.01%. Figure 7f displays the confusion matrix corresponding to
the recognition results produced by the CSNN model, manifesting
that all 11 motion gestures within the DVS128Gesture dataset can
be recognized precisely. Consequently, it can be concluded that
the CSNN model utilizing doped BHJ-OPS device array exhibits
rapid learning capabilities and demonstrates exceptional perfor- 
mance in processing and classifying complex spatial-temporal 
patterns. 

3 Conclusion 

In conclusion, by introducing the LSPR effect of AuNRs, we have
successfully developed a high-performance NIR BHJ-OPS with 
a simple two-terminal structure. The experimental results show 

that the doped AuNRs significantly enhance the NIR absorption
ability of the device, increase the photo-generated exciton yield
by 17%, and improve the exciton dissociation efficiency by 8.4%.
At the same time, it effectively optimized the synaptic plasticity
performance such as PPF index (114.6%), SNDP, STDP, and
SIDP. The device verified its potential in image recognition,
11 of 16
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FIGURE 6 (a) Architecture of a BHJ-OPS array with word lines and bit lines. Handwritten digit images under dim light conditions (b) before and 
(c) after preprocessing by the BHJ-OPS array. Handwritten digit images under strong light interference conditions (d) before and (e) after preprocessing 
by the BHJ-OPS array. (f) Schematic diagram of the CNN. (g) Loss rate variation curve and (h) recognition accuracy variation curve of the CNN over 100 
training epochs. (i) Confusion matrix results of image recognition tasks under noisy interference. 
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memory, and dynamic information processing by simulating
the “learning–forgetting–relearning” process of human vision.
The doped BHJ-OPS-based CNN model has an accuracy rate of
up to 98.57% in recognizing MINST handwritten digits under
strong light interference and dim light conditions, demonstrating
its excellent adaptability. Finally, the CSNN model based on
doped BHJ-OPS that we built achieved a recognition accuracy
of 92.01% in the dynamic gesture recognition task after 150 iter-
ations of training, indicating its high efficiency in neuromorphic
computing. Compared with traditional NIR synaptic devices,
the high-performance AuNRs-doped BHJ-OPS device reported
in this work is achieved through a simple solution processing
technology, with no need of complex and expensive organic
semiconducting material design and synthesis. Moreover, the
high chemical stability (not prone to oxidation) and tunable LSPR
characteristics of AuNRs provide a guarantee for the long-term
stability and spectral adaptability of the device. Consequently,
this work expands the application scenarios of organic semicon-
ductors in brain-like devices, providing a new paradigm for the
development of low-cost and highly compatible NIR neuromor-
12 of 16
phic devices, and is expected to promote the development of fields
such as flexible artificial night vision systems, intelligent driving
visual perception, and portable medical imaging. 

4 Experimental Section 

4.1 Synthesis of AuNRs 

To prepare the gold seed solution, 10 mL of CTAB (0.1 M) was
mixed with 0.25 mL of HAuCl4 (0.01 M), followed by the rapid
addition of 0.60 mL NaBH4 (0.01 M) under vigorous stirring
for 2 min. The resulting brownish solution was aged at room
temperature for at least 2 h before use. For the growth solution,
1.0 mL of HAuCl4 (0.01 M) and 0.20 mL of AgNO3 (0.01 M) were
added to 20 mL of CTAB (0.1 M), followed by 0.4 mL of HCl (1.0 M)
to adjust the pH to 1–2. Subsequently, 0.16 mL of ascorbic acid
(0.1 M) was added with gentle stirring for 30 s. Then, 40 µL of the
seed solution was injected, and the mixture was gently stirred for
10 s and left undisturbed at room temperature for 12 h. The color
Aggregate, 2026
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FIGURE 7 (a) Schematic diagram of the CSNN. (b) 24-bit RGB video frames of the gestures used in this experiment. From left to right, the gestures 
are left-hand waving, arm-clamping rolling, clapping, right arm counterclockwise rotation, and left arm counterclockwise rotation. (c) “Frames” of 
the DVS, generated by superimposing pulses within the window starting from each RGB video frame. (d) Loss rate variation curve and (e) recognition 
accuracy variation curve of the CSNN over 150 training epochs. (f) Confusion matrix results of the CSNN model for dynamic gesture recognition tasks 
after 150 training epochs. 
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change to dark red indicated the formation of gold nanorods.
The product was then purified by centrifugation at 8000 rpm for
30 min. The supernatant was discarded, and the precipitate was
redispersed in deionized water. This washing step was repeated
three times to give rise to the final AuNRs solution for use in next
device fabrication. 

4.2 Materials Preparation 

PEDOT:PSS (Clevios P VP AI 4083) was obtained from Xi’an
Polymer Light Technology Corp. The donor material PM6 and
the non-fullerene acceptor L8-BO were sourced from Organtec
Ltd. 1,8-Diiodooctane (DIO) and chloroform (CF) were supplied
by Sigma-Aldrich, while PFN-Br was provided by Luminescence
Aggregate, 2026
Technology Corp. All chemicals were used as received, without
any additional purification. 

4.3 Device Fabrication 

ITO/glass substrates with a sheet resistance of 15 Ω sq− 1 were
sequentially cleaned via ultrasonication in detergent, acetone, 
isopropanol, and deionized water, each for 30 min. Following this
wet cleaning process, the substrates underwent ozone treatment 
for 15 min. A layer of pristine PEDOT:PSS or PEDOT:PSS:AgNRs
(1 wt% AuNRs doped into PEDOT:PSS) was then spin-coated
onto the cleaned substrates at 3000 rpm for 60 s, followed by
thermal annealing in air at 130◦C for 20 min, resulting in a 40 nm-
thick EBL. Subsequently, a blend solution of PM6 and L8-BO
13 of 16
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(16 mg mL− 1 , weight ratio 1:1.2) in CF containing 0.5% DIO was
deposited onto the EBL by spin-coating at 3000 rpm for 30 s. The
film was then thermally annealed at 110◦C for 20 min inside a
nitrogen-filled glovebox to form an active layer with a thickness
of approximately 120 nm. A 5 nm interlayer of PFN-Br was spin-
coated as the HBL, followed by deposition of a 20 nm silver top
electrode via thermal evaporation. The fabricated BHJ-OPS arrays
featured active areas defined by the overlap of the ITO and top
electrode: 0.2 × 0.2 cm2 for the 5 × 5 array and 20 × 20 cm2 for the
26 × 26 array. 

4.4 Characterization 

SEM analysis was conducted by utilizing a QUANTA FEG 450
field emission microscope. Surface morphologies of the films
were characterized by AFM (Nanonavi SPA-400 SPM). Charge
carrier mobility was measured using a Hall measurement system
(Chaoruirenda Technology, CR-cryo4) equipped with a Source
meter (Keithley 2450). The details of the measurement can
be found in Figures S10 and S11 and Tables S1 and S2 . The
absorption spectra of the functional layers were recorded using
a UV-vis spectrophotometer (HITACHI Ue3900H). TRPL spectra
were obtained with a fluorescence spectrometer (FLSP 920).
All electrical assessments were conducted with a PDA FS-Pro
system, utilizing a probe station for precise device contact.
Monochromatic illumination was achieved using a 150 W xenon
lamp in combination with appropriate monochromators, while
vis-NIR light was supplied by LEDs. 

4.5 Weight Update Method 

The method for updating synaptic weights relies on the nonlin-
earity (NL) extracted from the experimentally obtained LTP and
LTD characteristics. The NL values corresponding to potentiation
and depression were obtained by fitting the LTP/LTD curves,
using the following equations: 

𝐺𝑛+ 1 = 𝐺𝑛 + ▵ 𝐺𝑝 = 𝐺𝑛 + 𝛼𝑝 𝑒
−𝛽𝑝 

𝐺𝑛 −𝐺min 
𝐺max −𝐺min (6)

𝐺𝑛+ 1 = 𝐺𝑛 + ▵ 𝐺𝑑 = 𝐺𝑛 + 𝛼𝑑 𝑒
−𝛽𝑑 

𝐺max −𝐺𝑛 
𝐺max −𝐺min (7)

Here, 𝐺𝑛 denotes the synaptic conductance at the n th stimulation
cycle, while 𝐺𝑛 + 1 refers to the conductance after applying the
weight update. The conductance variation is represented by Δ𝐺 .
The terms α and 𝛽 correspond to the update step size and the
degree of NL, respectively, as defined by Equations ( 6 ) and ( 7 ).
Synaptic weight modulation was carried out using conductance
values obtained from both LTP and LTD processes under different
NL conditions. 

4.6 Theoretical simulation 

Optical field distributions within different thin film structures
were simulated using COMSOL Multiphysics. The device archi-
tecture was modeled as glass (semi-infinite)/ITO (150 nm)/HBL
(40 nm, either PEDOT:PSS or AuNRs:PEDOT:PSS)/PM6:L8-
BO (120 nm)/PFN-Br (5 nm)/Ag (100 nm). The optical con-
stants for the PM6:L8-BO blend, pristine PEDOT:PSS, and
14 of 16
AuNBPs:PEDOT:PSS films were measured using an RC2-XI ellip- 
someter (J.A. Woollam). In the model, AuNRs were positioned
at the center of the PEDOT:PSS matrix, with their geometric
features aligned with experimental observations. The simulation 
employs normally incident light from the semi-infinite glass side,
linearly polarized along the X -axis. The electric field distribution
and light scattering patterns in the active layer were computed
across the NIR spectrum. 
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