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1. Introduction

Unmanned aerial vehicles (UAVs)! are commonly used to per-
form real-time, high-precision data acquisition, processing, and
analysis tasks, such as map generation, environmental monitor-
ing, and target recognition. These tasks require high computa-
tional power and low latency, especially when UAVs operate in
harsh environments. As shown in Fig. 1(a), the raw data of vid-
eos collected by UAVs needs to be transmitted to ground con-
trollers and base stations for data processing. After that, the
decisions and control signals are sent back to the UAVs to direct
their movements. Limited by transmission distance and com-
munication bandwidth, the back-and-forth communications
and data processing experience a delay of hundreds of millisec-
onds, and are also vulnerable to external signal interference or
eavesdropping.

Edge computing'?! addresses this issue by pushing computing
tasks closer to the data source, allowing UAVs to perform data
preprocessing and analysis locally, significantly reducing data
transmission latency and alleviating reliance on remote

© 2025 Chinese Optics Letters

121301-1

Unmanned aerial vehicles (UAVs) face challenges in real-time high-precision tasks such as data acquisition and environ-
mental monitoring, which demand low-latency decision-making and high-speed data transmission. A photonic reservoir
computing (PRC) system based on silicon-integrated micro-ring resonators (MRRs) was demonstrated for UAV flight direc-
tion recognition, achieving an accuracy of 95.6%. The proposed PRC exhibits short-term memory effects, enabling the detec-
tion of subtle changes in flight direction. The PRC operates at the MHz-rate with milliwatt-level power consumption,
enabling photonic edge computing with high speed and energy efficiency, providing UAVs the potential to make decisions
autonomously and avoid external interference when operating in extreme environments.
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computing resources. However, edge computing devices are still
limited by the processing power of traditional hardware, par-
ticularly when facing complex image processing, deep learning
inference, and high-resolution video analysis. Existing electronic
computing hardware often fails to meet the demands for effi-
ciency and low latency in such tasks.

Over the past decade, optical computing™*! has shown sig-
nificant advantages in various fields due to its high parallel com-
puting capacity and extremely low latency. Compared to
traditional electronic computing, optical computing enables
faster parallel computation, particularly for large-scale data
streams and high-dimensional computing tasks, making it
well-suited for image, video, and sensor data processing. As
shown in Fig. 1(b), by employing the optical edge computing
engine, UAVs can perform computational tasks locally instead
of sending the data back and waiting for controlling signals,
thereby reducing the latency and enhancing the capabilities
of autonomous decision making and execution efficiency.
Additionally, CMOS-compatible silicon photonic integrated
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Fig. 1. (a) Traditional controlling model of UAVs, relying on the back-and-forth communication and the ground controller for data processing. (b) Schematic of a
UAV equipped with an optical edge computing engine, which processes signals locally, enabling low latency and strong anti-interference communication.

chips offer strong support for hardware implementation in
optical edge computing. Currently, the computing power of
optical computing has exceeded 10 TOPS (tera operations
per second)””). It can be estimated that UAVs equipped with
optical edge computing engines can process data within the
order of 10 ps, which is more than three orders of magnitude
faster than the latency of traditional communication.

Reservoir computing (RC)!®”! is a variant of recurrent neural
networks (RNNs) that addresses issues such as gradient explo-
sion and vanishing gradients during training. A reservoir com-
puting system consists of three main components: the input
layer, the reservoir, and the readout layer, as shown in Fig. 2.
The input layer encodes external data and passes it to the reser-
voir, where the fixed weights map the data to a high-dimensional
feature space. The output states from the reservoir are then
passed to the readout layer, and only the weights of the output
layer need to be trained to perform the target task, making it par-
ticularly suitable for hardware implementation in edge comput-
ing scenarios.

In this paper, a photonic reservoir computing (PRC) system
based on silicon-integrated micro-ring resonators (MRRs) was
demonstrated for discriminating UAV flight directions. The
optical input-output plane of the MRR exhibits delayed nonlin-
ear phenomena, providing the natural nonlinearity and short-
term memory effects, which help to avoid feedback loops when
constructing a photonic reservoir and establish connectivity
between optical virtual nodes. On this basis, the PRC was applied
to classify UAV flight directions, achieving an experimental clas-
sification accuracy of 95.6%, outperforming traditional classifi-
cation models such as ridge regression. Additionally, due to its
unique short-term memory effect, the model captures slight var-
iations in UAYV flight direction, resulting in reduced Euclidean
distances, indicating that the prediction error is smaller com-
pared to conventional models. This work suggests that the
MRRs-based PRC provides the potential for UAVs to perform
tasks and make decisions on the edge side without relying

on remote control, enhancing their abilities in autonomous
decision-making and anti-interference resilience especially
when operating in extreme or specialized environments.

2. Theoretical Simulations

The PRC system is composed of three main parts: the input
layer, the photonic reservoir, and the readout layer. To apply
the proposed PRC for UAV direction recognition, we manually
collected flight videos of a UAV flying in different directions. We
selected two commercial UAV products and controlled their
flight direction and speed using Python code. One UAV was
used to capture another UAV’s flight in four directions: upward,
downward, leftward, and rightward. A total of 200 videos
(1280 x 720 resolution) were recorded. Three frames extracted
from the flight sequences were selected as a data sample.
Through a series of preprocessing methods, including removing
invalid videos, image segmentation, image smoothing, feature
extraction, and down-sampling, a dataset consisting of 160 valid
samples, where each frame had the size of 48 pixel X 27 pixel,
was obtained. The processed 160 data samples were divided into
four groups based on the flight directions and input into the
photonic reservoir for simulation.

The next step is to use the nonlinear dynamic response of the
MRR to construct the photonic reservoir. A theoretical model of
the silicon-integrated MRR based on the coupled-mode theory
(CMT)® was investigated in order to construct the PRC system.
The CMT equations considering two-photon absorption, free
carrier absorption, free carrier dispersion, and thermo-optic
effect!®"") were employed to analyze the nonlinear dynamics
of the MRR. The Kerr effect is neglected here since it has a min-
imal impact on the refractive index. In the simulation, we used a
thermal relaxation time of 550 ns!'?! and a free carrier lifetime of
6.5 ns!**!. By solving the eigenvalue matrix, the boundary con-
ditions of optical bistability (BI) and self-pulsing (SP)13! were
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Fig. 2. Schematic flowchart of the MRR-based PRC system for UAV direction finding. Flight videos of a UAV flying in four directions were captured, and frames
were extracted, preprocessed, and down-sampled. The samples were grouped by direction, input into the photonic reservoir, and processed with ridge regression.
"Smart labels” based on moation vectors improved labeling accuracy and classification performance.

obtained, so as to choose an appropriate range of incident optical
power, avoiding the appearance of SP in the photonic reservoir.
The nonlinear response of MRR is discussed in the subsequent
experimental results.

The training data is loaded onto the intensity-modulated opti-
cal input signals with average power P;,. After transmitting
through the bus waveguide of the MRR, the time sequences of
optical output signals carry the state of the photonic reservoir
and eventually pass through the readout layer for classification.
The output signals from the photonic reservoir are down-
sampled into virtual nodes, which are then fed to the readout
layer for training. Ridge regression'**! is used during the training
process instead of linear regression to prevent overfitting and
improve numerical stability. Considering the instability of
UAV flight directions, we improved the labeling method by
replacing the human-labeled flight directions with “smart
labels” based on the motion vectors. The relative motion vectors
were calculated by the displacement of specific pixels in relation
to the total frame. By means of the “smart labels”, the accuracy of
the flight direction labels was enhanced, resulting in an
improved classification performance eventually.

The dataset was split into 60% for training and 40% for test-
ing. The Euclidean distance!'™! between the predicted and actual
vectors of UAV flight directions was employed to quantitatively
analyze the training results of the smart labels. For example,
when a UAV ascends, small shifts to the left or right occur
due to the aircraft’s body instability. While the classification
of motion direction can only distinguish large movements, a
smaller Euclidean distance indicates a stronger ability to capture
subtle offsets, even with high classification accuracy. To demon-
strate the role of the MRR’s hysteresis response in the PRC, we
calculated the PRC results with the MRR operating in the hys-
teresis response region or the high-frequency linear region.
When the MRR operates in the linear region, the RC behaves
as a linear system, where the input data is directly trained using
ridge regression. The classification results based on the

simulation model are shown in Fig. 3(a) and 3(b). The proposed
photonic reservoir system based on MRR achieves an average
accuracy of 97.5% for the four flight directions, outperforming
the results achieved by the system without PRC only with a ridge
regression model through a linear system. Additionally, as
shown in Fig. 3(c), compared to the high-frequency linear case,
the hysteresis of MRR improves the accuracy of the classification
results and reduces the Euclidean distance between the predicted
and actual values of the motion direction. This indicates that the
MRR-based photonic reservoir possesses a short-term memory
effect, allowing the model to recognize small changes in UAV
flight direction.
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Fig. 3. Accuracy of the simulation with hysteresis (a) and linear MRR (b) in the
photonic reservoir, and (c) comparison of the Euclidean distance between the
predicted and actual direction vector values.

121301-3



Vol. 23, No. 12 | December 2025

3. Experimental Validation

The simulation results demonstrate the nonlinear and memory
characteristics of the MRR-based photonic reservoir, as well as
the effectiveness of the self-collected dataset. On this basis, we
conducted an experimental validation. The MRRs were per-
formed on a 220-nm-thick silicon-on-insulator (SOI) photonic
integrated chip, fabricated by the Advanced Electronic Materials
and Devices Center (AEMD)!®). For measurement of the pho-
tonic hysteresis behavior, an MRR with a radius of 20 pm, a gap
of 200 nm in the coupling region, and a quality factor of 1.1 X
10* was selected. The experimental setup is shown in Fig. 4. A
continuous-wave (CW) tunable laser source (TLS) working at
C-band was used. The input data was modulated onto the optical
intensity using a Mach-Zehnder modulator (MZM), then ampli-
fied by a fixed-gain erbium-doped fiber amplifier (EDFA). Then,
the optical power input to the on-chip photonic reservoir was
adjusted using a variable optical attenuator (VOA) before that.
The amplified optical signals passed through a 1x 3 optical
power splitter, with 15% of the power sent to an optical power
meter (OPM) for monitoring the input power, and another 15%
used for photodetector 1 (PD1) to detect the input optical signal
through an oscilloscope (OSC) as a reference. The remaining
70% of the power was coupled through a grating coupler into
the bus waveguide of the MRR on the silicon photonic chip, with
approximately 4-dB loss in the coupling process. Finally, the
optical signal directly going through the bus waveguide of the
MRR was coupled out through another grating coupler, detected
by photodetector 2 (PD2), and the waveform was monitored in
the real-time oscilloscope.

PC2

Coupler
15:15:70

Fig. 4. (a) Schematic of the experimental setup used for measuring the hys-
teresis loop at different frequencies, including the following equipment: TLS
(tunable laser source), MZM (Mach-Zehnder modulator), PC (polarization con-
troller), EDFA (erbium-doped fiber amplifier), VOA (variable optical attenuator),
PD (photodetector), OPM (optical power meter), AWG (arbitrary waveform
generator), and 0SC (oscilloscope). (b) Microscope of the fabricated MRRs
for the experiment.
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The experimental measurement of the optical input-output
plane is illustrated in Figs. 5(a) and 5(b), where the input light
was a sinusoidal intensity-modulated signal with 1-MHz modu-
lation frequency. We can see that the output response of MRR
shows a clear bistability, that is to say, the output switches
between two stable states and exhibits significant nonlinear
responses and memory effects. Throughout the process, the sys-
tem demonstrates nonlinear characteristics and short-term
memory effects, providing potential support for photonic neu-
romorphic computing, particularly in the application of tempo-
ral signal processingm’lg]. The unique nonlinear properties and
short-term memory effects observed in the MRR provide a
strong foundation for the development of PRC systems.

Based on this, we employed the self-collected UAV dataset
shown in Fig. 2 for the classification task of UAV flight direc-
tions. The experimental setup followed a similar method to
that in Fig. 4. Each dataset consists of three videos, each with
three frames of 48 pixel X 27 pixel, which are normalized and
flattened into a 1D vector. To identify the start positions of the
data during experiments, a header was added at the beginning of
each dataset, with a relatively low amplitude to avoid interfering
with the afterward signal response. The input data was loaded
into the arbitrary waveform generator (AWG) at a sampling rate
of 1 MSa/s and converted into optical time-domain signals using
the MZM. The modulation range of optical input power was
adjusted according to the power range of the hysteresis loop
we obtained in Fig. 5(a), so as to maximize the utilization of
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Fig.5. (a) Hysteresis loop of the optical input and output signals. (b) Temporal
sequences of the optical input and output signals, which are displayed as the
electrical signals collected by the oscilloscope.
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the nonlinearity and memory of the MRR. During the experi-
ment, the average input power of the MRR was 12.5 dBm.
We used PDs and an OSC to capture the output signals from
the MRR, which reflected the dynamic states of the photonic
reservoir.

To preserve the integrity and complexity of the photonic res-
ervoir’s temporal states, the optical output sequence was
sampled at equal intervals into # virtual nodes (the number
of nodes matching the input data), which were then input to
the readout layer. This method comprehensively captures the
dynamic responses of the reservoir to the entire sequences,
thereby enhancing the processing and recognition capabilities

(a) True & Predicted Vectors of Hysteresis MRR

1.00 =
L s True Values
0.75 I Predicted Values
s
!
0.50 "g’ii '
° 11t =
0.25 3 LA 5
© e o B ST
[¥] o s -:_°> b e R ° e e W es e
£ 0.00 ey e !; o w 5w dES
g ’ : 4 g i -
—-0.25 g & 3
o 8 :
-0.50 g
' 158
-0.75 e
i

_1'0—01.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
Horizontal

Euclidean Distance

=,
=

Euclidean Distance
o - N W E 152 e)] ~ [e2]

Bl Hysteresis MRR
mm Linear MRR

up down left

Actions

right

Fig. 7. (a) Comparison of the predicted and actual values for the four flight
directions after passing through the MRR, with blue points representing the
true values of the misclassified objects. (b) Comparison of the Euclidean dis-
tance between the predicted and actual flight direction vectors, using hys-
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of the PRC system. The output signals of the photonic reservoir
were randomly divided into two parts, with 25 samples selected
for each flight direction to form the training set. After down-
sampling, ridge regression was used to train the readout layer.
The confusion matrix of the test results is shown in Fig. 6.
The classification accuracy using hysteresis MRR reached
96%, which is significantly better than the classification results
obtained using linear MRR. Additionally, the UAV classification
results with the hysteresis MRR are shown in Fig. 7(a), where red
points represent the predicted values, and blue points represent
the actual values. The Euclidean distance between the predicted
and actual values is shown in Fig. 7(b). The PRC with hysteresis
MRR has a smaller Euclidean distance than the standard ridge
regression model with linear MRR, indicating that the memory
effect of the MRR can capture subtle changes in the UAV’s flight
direction, resulting in better performance.

4. Conclusion

In summary, we have theoretically and experimentally demon-
strated a PRC system based on the silicon integrated MRR to
perform the task of UAV flight direction recognition.
Experimental results show that the proposed photonic reservoir
performs well in UAV flight direction recognition, achieving an
accuracy of 95.6%. The unique nonlinearity short-term memory
effect observed in MRR enables the PRC to capture subtle
changes in the UAV’s flight direction, highlighting its potential
in hardware-based time-series processing and other photonic
neuromorphic computing scenarios. The proposed photonic
reservoir system operates at a MHz-level frequency, three orders
of magnitude faster than traditional electronic reservoir sys-
tems''”), and has low driving power with high energy efficiency,
with power consumption at the milliwatt level. The MHz rate is
limited by the finite thermal-optic time constant'”). Further
efforts can be made to accelerate the thermo-optic (TO)
response using a thinner substrate®’ or temperature control
to increase the operation speed of the PRC system. The system
can be easily scaled through spatial or wavelength multiplexing
for parallel processing, significantly reducing power consump-
tion. This work emphasizes the tremendous potential of MRR
in photon-based neuromorphic computing systems, providing
unique nonlinearity and short-term memory, enabling high-
speed, low-power, and highly complex computations. In addi-
tion, the use of high-speed, low-power, and lightweight photonic
computing hardware holds the potential of UAVs to enable on-
board autonomous decision-making and task execution without
the need for remote control, which is of great significance for
UAVs to perform complex and real-time tasks.
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