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Abstract.  Embodied Intelligence-based optical astronomical telescopes represent a Al-driven approach to au-
tonomous perception, decision-making, and optimization of observational performance under dynamic environmental
conditions, will provide intelligent operation to the widely distributed unmanned astronomical telescopes. The percep-
tion of astronomical telescope observation performance, primarily manifested in the optical performance perception,
can be achieved through multi-field curvature wavefront sensors, wavefront slope sensors, and image quality sen-
sors. These devices measure physical quantities represented as point spread function (PSF) or wavefront aberration
data. By utilizing the perception data of optical performance, combined with end-to-end imaging simulation and dig-
ital twin technology, telescopes can achieve active optical correction and active alignment, intelligently maintaining
and optimizing optical imaging quality. With the further integration of multi-modal sensing, machine learning, and
large language model, embodied intelligence will drive the transition of telescopes from precision instruments” to
“intelligent instruments,” providing new technological pathways for unmanned astronomical observatories.
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1 Introduction

Modern large astronomical telescopes are highly complex “optical-mechanical-electrical-software”
integrated systems, with their system complexity primarily manifested in the coordination of mul-
tiple instruments, precise pointing and tracking, and the use of active optics and adaptive optics. 1
Large telescopes typically have multiple focal points, and different focal points require the mount-
ing of scientific instruments such as spectrometers and scientific CCD cameras, with complex
switching and coordination;2 Achieving high-precision pointing and tracking accuracy in such
massive structures relies on a large number of position encoders, gyroscopes, and complex con-
trol systems;3 Active optics compensate for mirror deformation to maintain high imaging quality,
requiring hundreds to thousands of force actuators, position sensors, complex support structures,
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real-time mechanical model calculations, and closed-loop control loops;4 Adaptive optics com-
pensate for rapid high-order aberrations caused by atmospheric turbulence in real time (millisec-
ond level), requiring equipment including wavefront sensors, deformable mirrors with hundreds
to thousands of force actuators, real-time wavefront reconstruction and control algorithm calcula-
tion units, and guide star systems.5 These systems integrate a massive amount of heterogeneous
sensors, actuators, control loops, and real-time computing units, forming an extensive and highly
coupled system.

Driven by the urgent need for high-quality imaging from modern large-scale astronomical
telescopes and the growing demand for autonomous observations (unmanned, real-time event re-
sponse), the embodied intelligence of telescopes has become a core development direction for mod-
ern telescope design and operation.6 The goal of embodied intelligent telescopes is to achieve intel-
ligent maintenance and optimization of imaging quality based on optical performance perception,
as well as unattended autonomous observation, through perception networks, intelligent decision-
making, and high-speed execution units,7 thereby driving the transition of telescopes from "pre-
cision instruments” to “intelligent instruments.” Among these, the perception of the observational
performance of embodied intelligent telescopes is primarily manifested in the perception of the
telescope’s optical performance. Currently, some exploratory research has been conducted on the
intelligent perception of telescope observational performance. For example, Crenshaw et al. pro-
posed a deep learning model for wavefront estimation in the Rubin Observatory’s active optical
system. Comparisons with Batoid and PhoSim simulations showed that this model is 40 times
faster than the traditional transport intensity equation (TIE) baseline algorithm, with error reduc-
tions of 2 times, 5 times, and 14 times under ideal conditions, vignetting, and blending scenarios,

respectively, significantly improving optical quality and expanding the effective survey area.8 Jia
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et al. introduced a denoising autoencoder (DAE) for PSF modeling of large-field-of-view small-
aperture telescopes. They added noise/aberrations to calibrated data or simulation templates to
generate training samples, and then used a convolutional neural network to learn the PSF manifold
space. This method overcomes the limitations of principal component analysis (PCA) under low
signal-to-noise ratios and insufficient spatial sampling, enhancing robustness against vignetting
and blending.9 Peterson et al. proposed the Photon Simulator (PhoSim), a comprehensive simu-
lation framework based on photon Monte Carlo methods for generating high-fidelity astronomical
images from optical survey telescopes; This framework fully simulates the entire chain of ef-
fects from source photon sampling to electron readout through layered atmospheric phase screens,
mixed geometry/Fourier optical propagation, and device physics models, supporting large-scale
simulations for telescopes such as LSST.10 Wu et al. developed a machine learning-based align-
ment method using star image PSF ellipticity distributions for active alignment in wide-field tele-
scopes; by learning the mapping of misalignment parameters and field-dependent PSF patterns
through a two-step neural network (coarse tuning and fine tuning), achieving secondary mirror
position error < 5 p m and tilt angle error < 5 in Mephisto telescope simulations, enabling
high-resolution imaging during observations. Compared to traditional wavefront sensing meth-
ods, this approach significantly simplifies system structure and improves real-time performance.11
These intelligent and imaging simulation methods will help modern telescopes achieve intelligent
full-process capabilities, from optical performance sensing and telescope state inference to active
optical correction.

Unlike fully data-driven embodied intelligence, this paper proposes a data- and physics-driven
embodied intelligent telescope optical performance perception technology in China. By integrat-

ing data-driven and physics-constrained approaches, this technology retains the flexibility of data-
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driven methods while enhancing the interpretability and reliability of models by applying physical
laws. First, by constructing a full-process imaging simulation of the image quality of an embod-
ied intelligent telescope and a data twin, the image quality degradation process of the embodied
intelligent telescope is understood, and driving data is generated. Then, by measuring physical
quantities such as the point spread function or wavefront aberration data using multi-field curva-
ture wavefront sensors, wavefront slope sensors, and image quality sensors, the imaging state of the
telescope is intelligently perceived. Finally, by applying the perceived optical performance data,
combined with the full-process imaging simulation and data twin technology, the model achieves
active optical correction and active alignment of the telescope, intelligently maintaining and opti-

mizing optical imaging quality.

2 Opverall framework of the embodied intelligent telescope

As shown in Figure 1, the proposed intelligent telescope system in this study employs a three-stage
progressive state evolution framework (left) and a multimodal intelligent closed-loop system (right)
within a collaborative architecture. The embodied intelligent telescope consists of a classic three-
layer architecture, known as “perception-inference-execution,” comprising the perception layer,
inference layer, and execution layer, respectively. The perception layer integrates data streams from
environmental sensors and wavefront sensors,12 such as temperature and wavefront; the inference
layer applies pre-trained theoretical models, multimodal models, and large models to diagnose the
root causes of state anomalies in real time, such as secondary mirror misalignment and temperature
deformation; the execution layer outputs correction commands to the force actuator array (five
degrees of freedom pose compensation of the secondary mirror and deformation compensation of

the primary mirror).13
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Fig 1 Framework diagram of an embodied intelligent telescope. The left side illustrates the evolution of status,
from analog to sim2real to real; the right side displays the embodied intelligent telescope framework, divided into
three layers: perception, reasoning, and execution. The perception status includes temperature and wavefront, while
the reasoning results include misalignment and gravity deformation. The model is divided into three stages: theory,
multimodal, and large model.

The state evolution of embodied intelligent telescopes can be divided into three stages:

1. Theoretical model-driven stage (simulation state interaction)

In the early stages of system development, to address the bottleneck of limited real-world ob-
servational data, an independent theoretical model cluster was constructed. Through full-process
imaging simulation (e.g., atmospheric disturbances, mirror deformation, tracking errors), mul-
tidimensional simulation state data were generated, and specialized neural network simulation
models tailored for each subsystem (pointing tracking, active optics, adaptive optics, etc.) were
established.14 At this stage, state interactions depend on the simulation environment, laying the
theoretical foundation for subsequent real-world observations.

2. Multimodal model replacement phase (simulation-real state fusion interaction)

By deeply integrating telescope observation data sets, multimodal models are gradually intro-
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duced to replace theoretical models.15 The specific implementation includes: (1) training neural
networks based on real-state data; (2) constructing a hybrid state interaction layer: theoretical
models and multimodal models run in parallel, and decision fusion is achieved through confidence
weighting;(3) Switching mechanism: when the coverage of real data for a particular state reaches
the threshold, the real data for that state can be used together with other real data to train the multi-
modal model, which can then replace the simulation model for that state. At this stage, the system
exhibits a hybrid simulation-real state characteristic. Through digital twin technology (processing
simulated data and real data together), the efficiency, deviation, and defects of the theoretical model
are quantified and analyzed to achieve a gradual enhancement of environmental adaptability.

3. Multimodal model dominance phase (real state interaction)

When deep integration based on real-time observation data is achieved, a multi-modal model
training process that integrates real-time data is executed to realize an end-to-end perception-
decision loop: control commands for actuators are generated directly from raw sensor data. Ul-
timately, a pure, real-time, state-driven, intelligent observation loop is achieved, significantly im-
proving autonomous response capabilities in complex astronomical environments.

The development of embodied intelligent telescopes is a gradual process. Based on the data-
driven characteristics of artificial intelligence models, with the continuous accumulation of embod-
ied intelligent telescope datasets and the dimensional completeness of observation modalities, the
telescope’s perception state evolves from a simulated state to a real state, the telescope’s decision-
making model transitions from a single modality to a multi-modality, and the theoretical model
evolves toward a large-scale model. A unified, large-scale model architecture achieves cognitive
dimensionality enhancement by integrating the achievements of the first two stages. It inherits

the physical constraints and interpretability of theoretical models, deepens the anomaly coupling
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Fig 2 Schematic diagram of end-to-end full-process imaging simulation (including atmosphere, optical system, and

detector).
reasoning capabilities of multi-modal models, and directly generates control commands from raw
sensor streams. This enables intelligent decision-making and execution for telescope anomalies,

achieving self-iterative upgrading of embodied intelligent telescopes.

3 Telescope optical performance perception based on physical and data-driven

coordination
3.1 Image quality throughout the entire imaging process simulation and data twins

End-to-end imaging simulation refers to the reproduction of the entire physical process from pho-
ton generation to final electron readout, covering the complete chain from the atmosphere to tele-
scope optics and detectors (Figure 2). The goal is to generate images consistent with actual obser-
vations and accurately reproduce all measurable attributes (such as point spread function morphol-

ogy and background intensity levels).16
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The simulation process is implemented using the photon Monte Carlo method 17, a high-
fidelity light transmission simulation technology based on probabilistic sampling. Its core idea is
to reproduce the physical interactions between light and matter by tracking the random propagation
paths of a large number of independent photons. The key technical steps include photon genera-
tion, atmospheric transmission, optical systems, and detector path propagation. Photon generation
is the initialization process of astrophysical photons, involving random sampling of position, time,
wavelength, and morphology.18 The atmospheric module simulates the interaction between pho-
tons and turbulence, as well as molecular absorption. The turbulent phase screen model is used
to simulate the random perturbations of light waves caused by atmospheric turbulence.19 Optical
modules handle the reflection/refraction of photons with mirrors and lenses. The core is iterative
ray tracing. Light intersection calculation is a core component of optical system simulation.20 The
detector module includes photoconversion, charge diffusion, and readout. The key points are the
quantum efficiency model and electric field-dependent diffusion.21

Twin simulation technology generates simulation data through full-process imaging simulation
and compares it with real data, converting the physical effects of instruments and the environment
into quantifiable system errors. The process is illustrated in Figure 3, which verifies the feasibility
and robustness of existing theoretical models and optimizes and improves them.22

Full-process imaging simulation and data twin technology play a crucial role in enhancing the
perception of image quality capabilities of telescopes. This provides a reliable data source and
verification and optimization means for establishing optical performance perception models for

telescopes.
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Fig 3 Data twin simulation flowchart. Based on end-to-end imaging simulation, real FITS images are scientifically

analyzed and compared with simulated FITS images to quantify system errors.

3.2 Image quality sensing

In 2022, the research team explored an evaluation method for scientific observation images that
can efficiently account for various types of collimation errors.11 First, based on the KSB (Kaiser-
Squires-Broadhust) model describing galaxy structures, three parameters of star image quality
under no external interference were described. Then, based on this description, it was found that
the description of scientific observation image quality corresponding to collimation misalignment
errors is not limited to focal plane tilt and eccentricity degrees of freedom but can also correspond
to the eccentricity and tilt errors of the secondary mirror (as shown in Figure 4). The following
conclusions are drawn: (a) Optical misalignment disrupts the point-symmetry property of the ideal
optical system along the el and e2 axes; (b) The ellipticity el and e2 vary continuously with the
field of view; (c) The ellipticity values vary nonlinearly with the misalignment error.

The KSB (Kaiser-Squire-Broadhurst) model is a core method used in the field of weak grav-

itational lensing to quantify the shape distortion of galaxies. It detects the distribution of matter
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Fig 4 The upper part indicates PSF ellipticity el and e2 with decentering (X, Y) of the secondary mirror, (A), (B).
The distribution patterns of el and e2 when the secondary mirror of the optical system has x-decent misalignment.
(C), (D) The el and e2 patterns of the secondary mirror with y-decent. The lower part indicates PSF ellipticity el and
e2 with tilt (X, Y) of the secondary mirror. (A) Moreover, (B) displays the distribution patterns of el and e2 when the
secondary mirror of the optical system has x-tilt misalignment; (C) and (D) are the el and e2 patterns of the secondary
mirror with y-tilt.
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(including dark matter) in the universe by parameterizing the ellipticity, radius, and azimuth of

celestial objects.23 Its physical significance is described as follows:

Qij = / / weight (H,, H,) PSF (61,0, ...,0;, H,, H,) H,H,dH,dH,
( ZzHy) (1)

_ @a

T

€a

Where,a = lor2, Hy = Hy— Hycenter, Ho = Hy— Hycenter, Q1 = Q11— Q22, T = Q11+ Q22,
H is the field of view.

In practice, stellar point-mass degradation arises from nonlinear coupling between multiple
sources of interference. Using star image quality to describe the collimation state of a misaligned
optical system essentially involves estimating aberrations using the PSF generated by the telescope
optical system. However, ground-based telescope star images are affected by optical-mechanical
structural diffraction effects, atmospheric jitter, telescope tracking errors, differences in star im-
age brightness, and imaging device sampling rates, and these interference factors exhibit complex
nonlinear coupling relationships. Figure 5 shows the simulation of PSF image quality degradation
as various interference factors are gradually added in Mephisto.16 Where, (a) is the optical model
imaging; (b) is the addition of primary mirror disturbance; (c) is the addition of secondary mirror
disturbance; (d) is the addition of detector disturbance; (e) is the addition of dome seeing effect;
(f) 1s the addition of atmospheric turbulence effect. To achieve precise identification of telescope
status using star image measurements, it is necessary to study new technologies for efficiently re-
moving other interference sources that affect star image quality, identifying static PSF introduced
by the telescope, and thereby separately describing changes in star image quality caused by mis-

alignment.
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Fig 5 Image quality degradation results after gradually introducing different disturbance factors. (a) Optical model
imaging; (b) introduction of primary mirror disturbance; (c) introduction of secondary mirror disturbance; (d) intro-
duction of detector disturbance; (e) introduction of dome seeing effect; (f) introduction of atmospheric turbulence
effect.

In 2020, Jia Peng et al. proposed a data-driven modeling method based on denoising au-
toencoders (DAE) to address the challenge of modeling PSF spatiotemporal variations caused by
off-axis aberrations, low signal-to-noise ratio (S/N), and insufficient spatial sampling rates in wide-
field small-aperture telescopes (WFSATSs).9 This method utilizes PSF templates generated from
real observations or numerical simulations, constructs a training set by adding random noise and
aberrations, and enables the DAE to learn the manifold space of the PSF. This method overcomes
the limitations of traditional analytical models (such as the Moffat function) regarding symmetry
assumptions. It addresses the bias issues of PCA methods in low S/N samples, laying a technical
foundation for monitoring the status of optical systems and post-processing data.

Figure 6 shows the original image in the first row, the image with added noise 0=0.003 in the
second row, and the PSF image reconstructed using the DAE PSF model in the third row. The

image quality of scientific observations from ground-based telescopes is affected by the combined
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Fig 6 Comparison of DAE PSF model reconstruction results. The first row shows the original image, the second row
shows the image with noise added (0=0.003), and the third row shows the PSF image reconstructed using the DAE
PSF model.

effects of various disturbances, resulting in complex spatiotemporal degradation of the point spread
function (PSF). Traditional methods struggle to decouple these factors accurately. The technique
of using PSF for image quality sensing quantifies core parameters such as star image ellipticity
(e), half-peak full width (R), and azimuth (), establishing a direct correlation between scientific
observation images and collimation error. This provides a physical basis for high-precision iden-
tification of telescope collimation s tatus. Combined with data-driven methods, the P SF sensing
model can robustly reconstruct PSF structure under low signal-to-noise ratio (S/N) and strong in-

terference conditions, laying the foundation for achieving closed-loop control of optical system

misalignment errors.

3.3 Multi-field curvature wavefront sensor

Curvature wavefront sensing reconstructs the wavefront phase by measuring the difference in light

intensity distribution (i.e., the curvature signal) between the defocused planes (in front of and be-
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hind the focal point). The curvature signal is directly related to the Laplace operator and boundary
slope of the wavefront.24 Curvature wavefront sensing is based on the intensity transfer equation
(ITE), which describes the relationship between the change in light intensity along the optical axis
and the wavefront phase:

ol

ko =V (IV9) 2

Where, 1 is the light intensity distribution,¢ is the wavefront phase, z is the optical axis direc-
tion, and k = 27/ is the wave number.

Under uniform light intensity (/ ~ [,) and the para-axis approximation, ITE is simplified to
the Poisson equation:

99

k OI
— =V —6.— 3)
on

_I_oaz

Where, V2¢ is the wavefront curvature (Laplace term), and 50% is the boundary normal slope
(Dirac delta function term).
The curvature signal S is calculated using defocused images before (I") and after (I7), which

is expressed as a Poisson equation with Neumann boundary conditions:

L L) L(r) e, 00
S =T ooy =Y ° %m @

Roddier et al. proposed an iterative Fourier transform method in 1991 to solve the difficulty of
boundary treatment. In principle, this method applies to wavefront restoration with any boundary

shape.25
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FFT iterative solution:
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Where, F is the fast Fourier transform, F ! is the inverse fast Fourier transform, and u and v
are frequency domain coordinates.

The fast focal ratio system is susceptible to mirror deformation and component misalignment.
Single-field measurements cannot capture the spatial variability of aberrations across the entire
field of view, so it is necessary to measure wavefront aberrations in multiple fields of view. Liang
Ming et al. tested the stability of the sensitivity matrix solution for multi-field curvature wave-
front sensing.26 Multi-field wavefront sensing enhances the stability of the misalignment solution.
Additionally, deploying multiple wavefront sensors improves the probability of locating the signal
source. As shown in Figure 7, Mephisto is equipped with four-field curvature wavefront sensors,
providing robust support for acquiring wavefront aberration data.

Curvature wavefront sensing achieves high-precision reconstruction of wavefront aberrations
by measuring changes in the intensity distribution of light at the defocus plane, utilizing a lens-
free, vibration-resistant hardware structure. This technology has made a breakthrough in solving
the real-time aberration detection challenge in active optics and adaptive optics for large-aperture
telescopes. Its advantages include an extensive dynamic range (> 1\ RMS aberration), a weak
light detection capability (the multi-field Split CCD design fully utilizes edge field starlight), and
resistance to environmental interference (frequency domain filtering suppresses noise), providing

a critical foundation for closed-loop correction to enhance telescope imaging quality.
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Fig 7 Mephisto is equipped with four-edge field curvature wavefront sensors, each consisting of two parts, one for
pre-focus imaging and one for post-focus imaging. On the left is Mephisto’s focal plane; on the right above are the

two fields of view of the cut CCD, and below is the wavefront reconstructed from defocused images.

4 Data-driven telescope status inference

The aberrations caused by misalignment in binocular or trinocular telescopes have been widely
confirmed. Baranne and Wetherell derived the coma aberration formula for non-coaxial binocular
systems in 1972.27 For more general cases, Su Dingqiang analyzed the coma aberration when the
secondary mirror is eccentrically offset (decentered) and tilted (tip-tilt), and the primary and sec-
ondary mirror axes are non-coplanar, proving that coma aberration can be treated analogously to
vector operations.28 Based on the vector aberration theory (Nodal Aberration Theory) proposed
by Shack and Thompson, orthogonal Zernike polynomials have been widely used for the numer-
ical expression of full-field distributed aberrations.29 Algorithms such as inverse optimization,
damped least squares, and principal component analysis can achieve high-precision misalignment
analysis.30

However, obtaining full-field aberration distribution during telescope observations is highly
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challenging and relies on complex wavefront sensing systems. Four-edge field curvature wavefront
sensors are commonly used for large-field imaging (e.g., JST/T250 and LSST).31 However, such
systems require simultaneous measurement of pre-focus and post-focus images, and a fast focal
ratio can easily cause vignetting. Additionally, curvature wavefront sensors must compensate for
inherent aberrations across different fields of view (FOV) and rely on expensive CCD stitching
technology, significantly increasing camera costs.

The impact of optical system misalignment on star image quality degradation involves two
aspects: first, for a single field of view, multi-degree-of-freedom optical misalignment affects the
diffusion morphology of the star point spread; second, for the entire field of view, multi-degree-
of-freedom optical misalignment affects the distribution pattern of the star point spread across
the entire focal plane. For example, Figure 8 shows the results of star image measurements after
manually introducing optical system misalignment. It can be observed that the diffusion patterns
of star point spreads vary significantly. In scientific observation images, the distribution of star
images exhibits a random, discrete sampling distribution, and the overall field-of-view distribution
pattern is complex to describe precisely. Since there are no comprehensive numerical description
methods for star point spread diffusion patterns and the overall field-of-view distribution pattern,
the underlying mechanism linking optical system misalignment and star image quality degradation
remains unclear.

Unlike wavefront error detection, the ellipticity distribution pattern of the point spread function
(PSF) can also characterize system misalignment 32, and PSF measurement based on scientific im-
ages is more convenient.33 Wu et al. proposed a machine learning-based alignment method that
directly calculates misalignment parameters using star images from a wide-field telescope. We

use a complex R-C system (Mephisto) as a model and apply multiple sets of perturbations to the
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Fig 8 Measurement results of the full field distribution of star images after introducing optical system misalignment.
The right column is the PSF images of 25 FOVs; the middle column shows the calculated three parameters of the 25
PSFs, and the three parameters are ellipticity, radius, and theta; the left column is the fitted Zernike coefficients of the
three parameters in the middle column.

full-field PSF distribution. Since it is difficult to establish an explicit mathematical model link-
ing misalignment parameters to the full-field PSF distribution, machine learning can automatically

construct analytical models.34 The inherent flexibility and adaptability of nonlinear neural net-

works (Figure 9) make them an ideal choice for addressing this problem.

5 Conclusions

This paper proposes a physically and data-driven embodied intelligent telescope optical perfor-
mance perception technology, which integrates full-process imaging simulation, multimodal sens-
ing, and machine learning methods to construct a closed-loop framework from optical performance

perception to active correction.
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Fig 9 Establishing a nonlinear neural network model to map the PSF (Zeiss fitting) to telescope misalignment. The
network architecture of the coarse neural network and the fine neural network. The architecture of the two networks
is identical. The number of nodes for the input layer is 30; each hidden layer contains 300 nodes; the output layer
contains eight nodes.

It proposes for the first time a development framework for embodied intelligent telescopes with
three stages of state evolution and designs a roadmap for the intelligent evolution of telescopes:

1. Theoretical model-driven stage: In the absence of real data, high-fidelity simulation data
is generated through full-process imaging simulation (Figure 2) to provide an initial training set
for active optical control. Photon Monte Carlo methods accurately reproduce atmospheric turbu-
lence (von Karman spectrum), optical system reflection/refraction (iterative ray tracing), and de-
tector response (electric field-dependent diffusion model), verifying the interpretability advantage
of physical models in complex environments.

2. Multimodal model replacement stage: As real data accumulates, digital twin technology
(Figure 3) compares simulation and measurement data to quantify the system deviation of the

theoretical model, driving the gradual replacement of the theoretical model by the surrogate model.

3. Data-driven dominant stage: The end-to-end multimodal model directly generates control
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commands, and this progressive evolution mechanism provides a scalable path for the autonomous
operation and maintenance of large telescopes.

This section introduces breakthroughs in optical performance sensing technology, specifically
measuring the physical quantities of the point spread function (PSF) and wavefront aberration data.
The PSF model sensing primarily includes:

1. KSB parameterization model. This model first revealed the nonlinear mapping relationship
between secondary mirror eccentricity/tilt errors and the ellipticity of the full-field PSF (Figure 4),
providing a physical basis for misalignment diagnosis.

2. DAE-PSF reconstruction technology improves the SSIM of reconstructed PSF under low
signal-to-noise ratio conditions compared to principal component analysis (PCA) (Figure 6), over-
coming the limitations of the PCA method’s symmetry assumption and laying the foundation for
aberration separation in strongly interfered environments.

Wave aberration sensing primarily involves multi-field curvature wavefront sensing for spatial
heterogeneity in field aberrations of fast-focal-ratio telescopes. The four-field curvature wavefront
sensor (Figure 7) achieves this through defocus plane intensity differences:

1. Frequency domain filtering (FFT iterative method) achieves high-precision curvature signal
reconstruction;

2. Multi-field layout enhances the stability of misalignment solution (sensor > 3 when the
sensitivity matrix is full rank), and the star light utilization rate in the edge field of view is increased
by 40%.

Embodied intelligent telescopes achieve a closed-loop system of optical performance percep-
tion, state inference, and active correction for the first time through the synergy of the interpretabil-

ity of physical models and data-driven adaptability. A three-stage evolutionary framework ad-

Proc. of SPIE Vol. 13964 139640A-20



dresses the challenge of transitioning from simulation to real-world applications, with multi-field
sensing and the DAE-PSF model significantly enhancing the decoupling capability of image qual-
ity degradation. With the development of large-scale models and edge computing, this technology
will drive the evolution of telescopes from “precision instruments” to “environmentally interactive

intelligent agents,” providing core support for unmanned observations in time-domain astronomy.
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