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Abstract

Silicon nanowire (SiNW) photodetectors exhibit high sensitivity for natural light detec-
tion but suffer from significant performance degradation due to thermal interference. To
overcome this limitation, this paper presents a high-performance, CMOS-compatible SINW
array natural light photodetector with monolithic integration of an on-chip temperature
sensor and an embedded intelligent compensation system. The device, fabricated via
microfabrication techniques, features a dual-array architecture that enables simultaneous
acquisition of optical and thermal signals, thereby simplifying peripheral circuitry. To
achieve high-precision decoupling of the optical and thermal signals, we propose a hybrid
temperature compensation algorithm that combines Particle Swarm Optimization (PSO)
with a Back Propagation (BP) neural network. The PSO algorithm optimizes the initial
weights and thresholds of the BP network, effectively preventing the network from getting
trapped in local minima and accelerating the training process. Experimental results demon-
strate that the proposed PSO-BP model achieves superior compensation accuracy and a
significantly faster convergence rate compared to the traditional BP network. Furthermore,
the optimized model was successfully implemented on an STM32 microcontroller. This
embedded implementation validates the feasibility of real-time, high-accuracy temperature
compensation, significantly enhancing the stability and reliability of the photodetector
across a wide temperature range. This work provides a viable strategy for developing
highly stable and integrated optical sensing systems.

Keywords: silicon nanowire arrays; natural light; highly controllable; low cost; PSO-BP
neural network; temperature compensation

1. Introduction

Silicon-based photodetectors are extensively employed in diverse fields, including
environmental monitoring, optical communication, and biomedical imaging [1-7]. Silicon
exhibits a broad spectral response spanning from the near-ultraviolet (NUV, ~300 nm) to
the near-infrared (NIR, ~1100 nm) regions, rendering it an ideal candidate for natural light
detection [8,9]. In practical applications, however, these devices frequently operate under
fluctuating ambient temperatures. Due to the intrinsic semiconductor properties of silicon,
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the sensing elements are highly susceptible to thermal interference. This phenomenon
induces a superposition of thermal and optical signals, significantly degrading detection
accuracy [10]. Consequently, implementing an effective temperature compensation strategy
is essential to accurately decouple the optical signal from thermal interference. This
approach mitigates thermal interference in the electrical response of the sensing unit,
thereby enhancing output stability and accuracy.

Silicon nanowires (SINWs) demonstrate significantly enhanced photoresponse com-
pared to conventional planar bulk silicon photodetectors, primarily attributed to the quan-
tum confinement effect and efficient light-trapping properties enabled by their unique
geometry. Specifically, the high surface-to-volume ratio of SiINWs induces abundant long-
lived surface trap states, which prolong carrier lifetime and result in high photoconductive
gain [11]. Additionally, their sub-wavelength dimensions generate strong light-trapping
effects, substantially enhancing light absorption efficiency without requiring thick active
layers. These factors collectively contribute to a responsivity that exceeds the theoretical
limit of bulk silicon devices [12]. However, realizing these advantages in practical de-
vices remains challenging due to fabrication limitations. For instance, Mihalach et al. [13]
fabricated vertically aligned SINW arrays via metal-assisted chemical etching (MACE).
While this method offers scalability, the resulting arrays exhibited excessively high density,
leading to mutual optical shadowing and a consequent sluggish response. Similarly, Zhang
et al. [14] employed metal-assisted chemical vapor deposition (CVD) to fabricate large-area
(>80 cm?) SiNW arrays. However, the synthesized SiNWs suffered from poor dimensional
uniformity, resulting in significant sensor-to-sensor variation. Such inconsistencies hinder
their widespread adoption in low-cost, mass-manufactured applications.

Despite continuous enhancements in material properties, thermal interference remains
a persistent challenge. To address this, numerous temperature compensation strategies
have been developed, primarily classified into hardware and software approaches [15,16].
Hardware compensation utilizes auxiliary circuitry to offset thermal interference in real-
time; however, it is constrained by complex circuit design, lack of versatility, and limited
accuracy. Conversely, software compensation, employing microprocessors for data pro-
cessing, simultaneously enhances sensor linearity and temperature stability [17,18]. For
instance, Shu et al. [19] improved measurement accuracy from 21.2% full scale (FS) to
0.1% FS using bilinear interpolation. Liu et al. [20] employed a Back Propagation (BP)
neural network, achieving a two-order-of-magnitude improvement in both the temperature
coefficient of sensitivity (TCS) and full-scale error. Similarly, Guo et al. [21] utilized Least
Squares Support Vector Machines (LS-SVM) to reduce instrument temperature instability
t0 1.32 x 1073 °/h. Liet al. [22] optimized a Kernel Extreme Learning Machine (KELM)
model via the Cuckoo Search Algorithm (CSA) and Nelder-Mead algorithm, significantly
enhancing compensation performance. While traditional interpolation methods are simple
to implement, they often suffer from limited accuracy. Although LS-SVM exhibits excellent
nonlinear modeling capabilities, it requires prolonged training time and high computa-
tional resources. Furthermore, traditional BP neural networks are prone to getting trapped
in local minima and exhibit a slow convergence rate.

Various advanced techniques have been developed to address temperature-dependent
interferences. For instance, multi-channel spectrapyrometry systems have successfully
demonstrated precise temperature measurement without requiring prior knowledge of
surface emissivity by analyzing spectral information [23]. Analogously, in the field of SINW
photodetectors, decoupling the thermal interference from the optical signal is essential. To
address the thermal susceptibility of SINW array photodetectors in variable environments,
this study presents a high-performance device with integrated temperature compensation.
Fabricated via standard CMOS-compatible processes, the device features high uniformity,
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scalability, miniaturization, and cost-effective mass production. The monolithic integration
of a SINW photodetection array and a gold-coated SINW temperature sensor enables the
simultaneous acquisition of optical and thermal signals. This architecture significantly
enhances device stability while reducing peripheral circuitry complexity and power con-
sumption. To mitigate thermal drift-induced errors, we propose a hybrid temperature
compensation method combining Particle Swarm Optimization (PSO) and a Back Propaga-
tion (BP) neural network. By leveraging the global search capability of PSO to optimize
the network’s initial weights and thresholds, this approach significantly improves the
convergence rate. The optimized model is implemented on an STM32 microcontroller to
achieve real-time compensation. Experimental results demonstrate accurate light intensity
measurement under varying temperatures, validating the potential of SINW array sensors
for optical detection and environmental monitoring.

2. Materials and Methods

A (111)-oriented silicon-on-insulator (SOI) wafer was employed as the base sub-
strate. The device layer of the SOI wafer was doped with boron to a concentration of
5 x 10! cm~3. A silicon nitride (Si3Ny) film was initially deposited on the device layer, fol-
lowed by photolithography to pattern an array of rotated rectangular windows, as shown
in Figure la. Subsequently, dry etching was employed to remove the SizN4 and top silicon
layer within the rectangular windows, thereby producing rectangular trenches (Figure 1b).
The wafer was then immersed in a potassium hydroxide (KOH) solution for anisotropic
wet etching. Owing to the much slower etch rate of the (111) crystal planes compared
with other orientations, the rectangular trenches were transformed into hexagonal geome-
tries bounded by (111) facets, forming a slanted thin-wall structure between neighboring
trenches (Figure 1c) [24]. Next, the self-limiting oxidation process was conducted. As
the Si3Ny atop the silicon wall retarded the oxidation process, the oxidation rate in this
area was much lower than in other areas, leaving a core of unoxidized silicon, thereby
forming SiNWs (Figure 1d). We use reactive ion etching technology to etch silicon nitride
at specific locations to expose bulk silicon (Figure 1e), then perform boron ion implantation
at that location (Figure 1f). Finally, we fabricated gold electrode at that location and etched
isolation channel on the device (Figure 1g). Figure 1g presents a SINW array natural light
detector fabricated on a (111) SOI wafer. The cross-sectional diagram on the right illustrates
the fully encapsulated structure of the SiINWs, which are encased by SizNy and silicon
oxide (SiO,) films. The SINW surface is chemically bonded to these insulating materials,
ensuring effective surface passivation and thereby enhancing the long-term stability of
the device. The ordered distribution of SINWs on the upper surface enables rapid natural
light detection, significantly improving the device’s response time. Additionally, the si-
multaneous operation of multiple nanowires within the array enables signal superposition,
resulting in a stronger and more stable signal compared to a single SINW device.

Furthermore, real-time monitoring of the ambient temperature is essential for imple-
menting temperature compensation on the natural light detector. To meet this requirement,
we developed an innovative dual-array structure that integrates an auxiliary gold-coated
SiNW temperature array alongside the primary photodetection unit. Due to the high ther-
mal conductivity of the gold layer, this integrated array achieves a fast thermal response
and enables high-precision measurement. Figure 1h, a scanning electron microscopy (SEM)
image of the detector, illustrates its layout: the upper section comprises the SINW natural
light array for optical signal acquisition; the lower section constitutes the SINW temperature
array for thermal sensing. An isolation channel physically separates the two sections, en-
suring the independent operation of both arrays and preventing mutual interference. This
integrated design facilitates the synchronous monitoring of optical signals and temperature
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variations, markedly enhancing the device’s overall performance and integration density,
while significantly simplifying the peripheral circuitry.

SisNg  Si SiO,

SiNW  SiO,

INONNINNINONN Y

N ALY
(N L NN Y
LUNOUNNNNENON N
NCENNNNNNATY

isolation channel

Figure 1. Fabrication sequence of SINW array natural light detector. (a) Reactive ion etching of SizNy
mask to define adjacent rectangular windows (cross-section shown at right); (b) Deep reactive-ion
etching to extend the trenches to buried oxide layer; (c) Anisotropic wet etching in KOH solution
transforming the trenches into hexagonal grooves, forming thin silicon walls bounded by (111)-
oriented sidewalls; (d) Self-limiting oxidation forming SiNWs with triangular cross-sections at wall
apex; (e) Reactive ion etching of silicon nitride in specific locations; (f) Boron ion implantation; (g) The
fabrication of electrodes and isolation channels; (h) Scanning electron microscopy (SEM) image of
SiNW array photodetector.

Figure 2 presents scanning electron microscopy (SEM) images of the SINW array.
To obtain a fully suspended SiNW array, the Si3sNy and SiO; films were removed. The
ends of the SiNWs are monolithically integrated with the bulk silicon substrate, enabling
reliable electrical connection without requiring complex transfer steps. Furthermore, this
approach allows for the highly controllable fabrication of SiNWs with tunable lengths and
diameters. As shown in Figure 2d, the SINW diameters are centered at approximately
70 nm. In summary, through this streamlined process, we have achieved high controllability,
miniaturization, and cost-effective fabrication of SINW array devices.
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Figure 2. (a) The electron microscopy image of the completely suspended SiNW array; (b) the
partial enlarged drawing of the SINW array; (c) the electron microscopy image of SINW; (d) diameter
distribution of the SINWs within the array.

3. Temperature Compensation Principle

Figure 3a presents the architecture of the BP neural network applied to the temperature
compensation of the natural light photodetector. This network adopts a 2-7-1 topological
structure (2 input neurons, 7 hidden neurons, 1 output neuron) and consists of three layers:
the input, hidden, and output layers, wherein the optimal number of hidden neurons is
determined based on an empirical formula.

h=(n+O0m)?+c 1

Here, ¢ denotes a constant ranging from 1 to 10. The connection weights (wj;, wic) and
neuron thresholds are initialized; specifically, wjj denotes the weight connecting the i-th
neuron of the input layer to the j-th neuron of the hidden layer, while wj connects the j-th
hidden neuron to the k-th output neuron. The light intensity voltage (I;) and temperature
voltage (1), acquired by the SINW array natural light photodetector, are utilized as the
network inputs. These signals propagate to the hidden layer, where nonlinear mapping is
performed via an activation function to establish the relationship P’ = f(I3, I). Subsequently,
the signals reach the output layer to generate the compensated light intensity P’, represent-
ing the predicted value with temperature effects corrected. This output is compared against
the standard light intensity P to calculate the error ey. Through the error back-propagation
mechanism, the weights and thresholds are iteratively adjusted to minimize the Mean
Squared Error (MSE), thereby optimizing the accuracy of the compensation model [25,26].

To improve the accuracy and convergence rate of the BP neural network for tempera-
ture compensation in the photodetector, the Particle Swarm Optimization (PSO) algorithm
is employed to optimize the initial weights and thresholds. Figure 3b illustrates the position
update mechanism of particles within the search space. PSO is a stochastic optimization
method based on swarm intelligence, where multiple particles collaboratively search the
solution space to iteratively approach the global optimum [27,28]. The update mechanism
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is governed by three components: the cognitive component (representing individual learn-
ing from the personal best, ppest), the social component (representing collective learning
from the global best, gpest), and the inertia component (based on the previous velocity,
w-viq), which balances the trade-off between global exploration and local exploitation. In
each iteration, particles update their velocities and positions guided by both individual
experience and social interaction, thereby converging towards the global optimum. The
mathematical model of the update process is described by the following equations:

vig(t+1) =w x vig(t) + c1 X 11(t) X [pia(t) — xiq(O] + c2 x 12(t) X [pga(t) — xia(H]  (2)
Xid(t + 1) = xig(t) + via(t + 1) ®)

In these equations, w represents the inertia weight; a larger w facilitates global ex-
ploration, while a smaller value favors local exploitation. ¢; and c¢; denote the learning
factors (acceleration constants), commonly set to 2, whereas r; and rp represent random
numbers uniformly distributed in the interval [0, 1]. Additionally, t denotes the current
iteration, while v;q4(t) and x;q4(t) represent the velocity and position of the i-th particle in
the d-th dimension at iteration t, respectively. By utilizing this mechanism, PSO effectively
identifies optimal initial parameters, preventing the traditional BP network from getting
trapped in local minima caused by sensitivity to initial weights, thereby enhancing the
stability and prediction accuracy of the temperature compensation model.
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Figure 3. (a) Topology of the BP neural network for temperature compensation; (b) schematic of the
particle velocity and position update mechanism in the PSO algorithm.
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4. Results and Discussion
4.1. Construction of the Testing System

Figure 4c displays the photographs of the fabricated SINW photodetector chip and
its encapsulated device, while Figure 4d depicts the experimental setup employed for
temperature compensation. As shown in Figure 4d, the device is powered by a RIGOL
DP832 DC power supply, with electrical signals acquired by a Tonghui TH1963 digital
multimeter. Data are transmitted in real-time and stored on a computer for analysis. Addi-
tionally, a full-spectrum metal halide lamp provides illumination, a thermotank regulates
the ambient temperature, and an STM32 microcontroller collects the output voltage signal.
The sensing mechanism is based on the photoconductive effect. Under illumination, the
photoresponse arises primarily from intrinsic absorption where valence band electrons
are excited to the conduction band. Simultaneously, the high surface-to-volume ratio of
SiNWs introduces a high density of localized surface states [29]. These states capture
photogenerated carriers, inhibiting immediate recombination and prolonging the carrier
lifetime, thereby modulating the channel conductivity. In practical operation, both light
intensity and ambient temperature simultaneously affect the detector’s response, intro-
ducing thermal interference into the output signal. To obtain accurate light intensity, a
temperature compensation strategy is implemented. The voltage signals corresponding
to light intensity (I1) and temperature (I), acquired by a microcontroller, serve as inputs
to the neural network. The network processes these inputs to generate a compensated
light intensity (P’), which approximates the standard light intensity (P) by minimizing
temperature-induced errors.

a
hole electron
E Thermotank
: S T 7T c
“3
Natural ---{---f---{----{-Ea
e E r PSO-BP
v =
N esgwe é_) ’ neural network —> P’
Pt PC  MCU
d Solé(észre Full Spectrum

Metal Halide

Voltage

T Source

Figure 4. (a) The sensing mechanism; (b) schematic diagram of the temperature compensation test
for the natural light detector; (c) the SINW natural light detector chip and the encapsulated device;
(d) experimental setup for temperature compensation.
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4.2. Response Test

As illustrated in Figure 5a, a dual-layer passivation structure was constructed by encap-
sulating the SINW array with Si3Ny and SiO; thin films, thereby establishing a protective
barrier with excellent chemical stability and electrical insulation. This configuration effec-
tively isolates the device from the ambient environment, mitigating surface degradation
and the resulting drift in electrical properties, thereby significantly enhancing long-term
stability and signal consistency. The optoelectronic performance of the detector was charac-
terized at an ambient temperature of 22 °C. We used a full-spectrum metal halide lamp to
simulate natural light illumination. The optical power density was calibrated using an opti-
cal power meter to ensure measurement accuracy. Under a bias of +0.5 V, the optical power
density was incrementally increased from dark conditions to the range of 2-6 W-m 2, as de-
picted in Figure 5b. With increasing optical power, electrons in the valence band are excited,
generating a higher concentration of carriers via band-to-band transition. This leads to a
progressive increase in photocurrent, demonstrating excellent responsivity. Furthermore,
the thermal response of the integrated temperature sensing array was examined under
varying thermal environments. Regarding the intrinsic characteristics of the sensor element,
the gold-coated SINW temperature sensor exhibits a resistance sensitivity of 237.47 (3/°C.
This intrinsic property and its detailed characterization were reported in our previous
work [30]. During the experiment, the device was subjected to controlled temperatures
ranging from 15 °C to 60 °C in increments of 15 °C to assess performance stability. Figure 5c
illustrates the variation of current signals versus temperature variations. As observed, the
current signal increases stepwise with rising temperature and achieves thermal equilibrium
within approximately 6 s, exhibiting a rapid response. Given the high surface-to-volume
ratio of SiINWs, they are susceptible to surface oxidation and adsorption, causing temporal
resistance fluctuations that compromise stability. Figure 5d compares the performance of
the fully encapsulated SINW detector with a bare SINW counterpart. Figure 5e further
illustrates the performance comparison before and after a 60-day aging period. Experi-
mental data demonstrate that the proposed passivation significantly enhances reliability.
Figure 5f presents an enlarged view of the photo-response signal is presented to facilitate
the analysis of parameters such as response time, power consumption, signal amplitude,
and signal-to-noise ratio (SNR). Under 4 W-m~2 illumination, the detector achieves a signal
of 0.51 pA with a power consumption of 3.75 pW. Additionally, the uncorrelated noise from
individual SiNWs sums incoherently. Consequently, the SINW array detector exhibits a
high SNR, attributed to the noise averaging effect inherent to the array architecture.

SNR = 20 x lg(Asignal/ Anoise) @

where Asignal and Appise denote the signal amplitude and noise amplitude, respectively.
The signal-to-noise ratio (SNR) of the detector was calculated to be 65.4 dB.

Due to the intrinsic semiconducting properties of silicon, the SINW sensing element of
the photodetector is sensitive to ambient temperature, which induces significant thermal
interference. This interference results in the coupling of temperature and optical signals
within the output, thereby degrading the measurement accuracy. To mitigate this issue, a
systematic temperature compensation experiment was performed. The experiment spanned
the temperature range of 10-60 °C, with 11 test points set at intervals of 5 °C. At each
temperature, 11 optical power density levels (ranging from 2 to 12 W-m~2 with a step size
of 1 W-m~2) were applied to construct a comprehensive dataset characterizing the coupled
thermo-optical response.
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Figure 5. (a) Schematic of the passivated SINWs structure; (b) time-dependent photo-response of the
detector; (c) current variation trends of the SINW temperature sensing array within the temperature
range of 15-60 °C; (d) comparison of long-term stability between the encapsulated and bare detectors;
(e) comparison of current measurement results before and after a 60-day storage period; (f) magnified
view of the photocurrent signal.

Figure 6a illustrates the schematic of the temperature compensation experiment. Due
to the high signal amplitude and stability of the SINW array sensor, the readout circuit is
significantly simplified. Specifically, the output voltage signals (I; and I;) from the SINW
photodetector were directly acquired via the integrated analog-to-digital converter (ADC)
of an STM32 microcontroller.

During the experiment, the SINW array photodetector integrated with a temperature
sensor (as shown in Figure 1), was placed within a high-precision temperature-controlled
chamber. Specifically, the experiment was conducted by stabilizing the temperature at 10 °C
while incrementally adjusting the optical power density from 2 to 12 W-m~2. Upon reaching
thermal equilibrium, the corresponding output voltages were recorded. Subsequently, the
temperature was adjusted to the next level (step size: 5 °C), and the optical sweep was
repeated until the entire dataset was acquired. The calibration results of the SINW array
photodetector are presented in Figure 6g. The figure reveals distinct output variations
under identical illumination but varying temperatures, confirming the significant impact of
thermal interference. The collected data were transmitted from the STM32 to MATLAB 2020
via the USART protocol for subsequent processing. A total of 121 sample sets were collected;
97 samples were randomly selected as the training set, while the remaining 24 served as the
test set. Next, the PSO-BP model was constructed with an architecture of 2 input neurons
and 1 output neuron, with the number of optimal hidden neurons determined via an
empirical formula. The hidden and output layers adopted the hyperbolic tangent sigmoid
(tansig) and linear (purelin) transfer functions, respectively. The hyperparameters were

configured as follows: maximum epochs = 1000, target error = 1 x 107, training function
= trainlm, learning rate = 0.01, population size = 30, inertia weight w = 0.9, and learning
factors ¢; = 2, cp = 2. The training performance curves of the PSO-BP and traditional BP
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models are illustrated in Figures 6b and 6c¢, respectively. The PSO-BP model converged in
15 epochs, achieving a minimum Mean Squared Error (MSE) of 0.0037799 at epoch 9; in
contrast, the traditional BP model required 53 epochs to reach a minimum MSE of 0.0092937
at epoch 47. This indicates that the optimized network exhibits a superior convergence
rate by requiring fewer epochs, and effectively avoids local minima as evidenced by the
lower MSE. To evaluate model generalization, the prediction accuracy on the test set was
compared, as shown in Figure 6d,e. It is evident that the predicted values from the PSO-BP
model exhibit higher consistency with the standard values, demonstrating the robustness
and efficacy of the optimization algorithm.
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Figure 6. (a) Schematic of the temperature compensation experimental setup; (b) training perfor-
mance curves of the PSO-BP neural network; (c) training performance curves of the traditional
BP neural network; (d) comparison of prediction results on the test set between the traditional
BP and PSO-BP models; (e) comparison of relative errors of the two models; (f) comparison of
compensation results between MATLAB simulation and STM32 hardware implementation under
varying optical power densities at 30 °C; (g) temperature-dependent response characteristics of the
SiNW array photodetector; (h) compensated optical power density outputs processed by the PSO-BP
neural network.
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Subsequently, the experimental data were processed by the trained PSO-BP model
to generate temperature-compensated optical power density predictions, as depicted in
Figure 6h. Analysis of the relative errors indicates that the proposed compensation method
reduced the temperature-induced error from approximately 14% to 1.42%, demonstrating a
significant improvement in measurement accuracy. It can be observed that the compensated
values exhibit high consistency with the standard values across the entire temperature
range. These results confirm that the optimized network effectively mitigates temperature-
induced errors, thereby demonstrating superior accuracy and stability.

Following training, the PSO-BP model was deployed from MATLAB to an STM32 mi-
crocontroller. To ensure computational precision during embedded execution, the STM32F4
series microcontroller was selected as the hardware platform. First, the optimal weights
and thresholds were extracted from the converged PSO-BP model and mapped into C
arrays within the Keil development environment. Since the microcontroller operates inde-
pendently of MATLAB, the network’s forward propagation algorithm was implemented in
C code, strictly following the architecture and computational mechanisms of the BP neural
network. The computation entails calculating hidden layer inputs, generating outputs via
the hyperbolic tangent sigmoid (tansig) function, determining output layer inputs, and
deriving the final result using the linear (purelin) function. These routines were encapsu-
lated as modular functions within the Keil environment to facilitate efficient invocation
during the inference phase. Following implementation, the temperature compensation
algorithm was executed and validated on the STM32 microcontroller, adhering to the opera-
tional principles outlined in Figure 6a. Given the requirement for high-precision numerical
computation, the standard math library was utilized to ensure calculation accuracy and
real-time performance. As illustrated in Figure 6f, the PSO-BP model was simulated in MAT-
LAB and executed on the STM32 platform to perform temperature compensation at a test
temperature of 30 °C. The network inference yielded compensated optical power density
values, effectively mitigating thermal interference. The observed consistency between the
simulation (MATLAB) and hardware (§TM32) results confirms the successful deployment
of the model, validating the feasibility of embedded temperature compensation.

Upon the deployment of the neural network model on the STM32F4 microcontroller,
experimental validation of temperature compensation for the SINW array photodetector
was performed. Figure 7a depicts the flowchart of the STM32F4-based temperature compen-
sation procedure, while Figure 7b displays the photograph of the STM32F4 development
board. The system is based on a dual-array SINW photodetector, which simultaneously
captures optical and temperature signals, converting them into analog voltage signals.
Following acquisition via the integrated ADC of the STM32, the dual-channel data are
processed by the embedded PSO-BP algorithm, thereby enabling real-time temperature
compensation of the optical signal. To validate the compensation efficacy, the device was
subjected to an optical power density of 3 W/m? under two distinct thermal environments:
20 °C and 50 °C. To mitigate optical interference on the temperature array, opaque graphene
tape was employed to optically isolate the sensing area prior to testing, ensuring measure-
ment accuracy. Figure 7c shows the output characteristics prior to compensation. Although
the optical power density was maintained at 3 W/m?, the coupling of thermal interference
into the output signal resulted in significant deviations in measured values. Figure 7d
displays the results obtained after applying temperature compensation. The compensation
algorithm effectively mitigated thermal effects, resulting in highly accurate optical power
density measurements.
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Figure 7. (a) Flowchart of the embedded temperature compensation algorithm; (b) photograph of the
STM32F4 hardware platform; (¢) uncompensated optical power density measurements of the SINW
photodetector at 20 °C and 50 °C; (d) compensated optical power density measurements at 20 °C and
50 °C.

5. Conclusions

This work proposes a temperature compensation strategy utilizing a Particle Swarm
Optimization (PSO)-enhanced Back Propagation (BP) neural network. Experimental valida-
tion confirms that the proposed method significantly improves compensation accuracy and
system stability under varying thermal environments. To enhance thermal sensitivity, a
gold-coated SiNW array structure was integrated into the photodetector. Leveraging the
high thermal conductivity of gold, this design facilitates a rapid thermal response to ambi-
ent fluctuations, thereby enhancing the sensitivity and accuracy of temperature monitoring.
A dual-array architecture was developed, comprising a photosensitive SINW array and
a thermosensitive gold-coated SINW array. This configuration enables the simultaneous
acquisition of optical and temperature signals, which improves sensor integration and
versatility while simplifying the peripheral circuitry, thereby reducing power consumption
and system complexity. Furthermore, a dual-layer passivation structure was developed
to protect the SINWs, significantly improving the detector’s long-term stability and reli-
ability. In terms of algorithm optimization, PSO was employed to globally optimize the
initial weights and thresholds of the BP neural network. This approach mitigates inherent
BP limitations, specifically slow convergence rate and the tendency of getting trapped
in local minima. Experimental results indicate that the PSO-BP model exhibits superior
compensation accuracy and convergence rate. It reduces training time and avoids entrap-
ment in local minima associated with traditional BP networks. To enhance integration,
the pre-trained neural network was deployed onto an STM32 microcontroller, realizing
temperature compensation via an embedded implementation. This strategy significantly
improves the compactness and autonomy of the system. Validation confirms that the neural
network maintains high precision when deployed on the STM32 platform. It effectively
mitigates thermal interference caused by real-time temperature fluctuations, enhancing
sensor stability and precision. These findings provide a significant technical foundation for
expanding the application of SINW array sensors in optical detection.
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