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Abstract14

Precisely separating full-band surface errors is a cornerstone of high-performance15
optical manufacturing and testing. However, traditional methods rely on subjective16
frequency band definitions and manual filtering, which leads to inconsistent17
evaluation standards and introduces analysis errors. Meanwhile, existing data-driven18
methods mechanically fit noisy manual labels, lacking physical consistency. To19
address this issue, this paper presents a scale-adaptive physics-aware deep learning20
framework powered by a dual-domain physics-aware network, which extracts error21
features by imposing physical constraints in the frequency domain: a specifically22
shaped spectral domain selective attention mechanism is designed for a low-frequency23
error with a deterministic spectral envelope; an adaptive learnable spectral gating is24
designed for mid-frequency error with randomness and anisotropy. Experiments25
indicate that this network outperforms conventional models under adopted evaluation26
metrics and exhibits physics-constrained extraction behaviour. This helps mitigate27
measurement noise and subjective variability introduced by manual filtering, yielding28
results with improved spectral and physical consistency. Furthermore, it eliminates the29
reliance on high-performance computing hardware, thereby enabling30
millisecond-level real-time inference on a standard computer, which greatly facilitates31
practical engineering deployment. Based on these findings, this study proposes a32
generalised frequency band division method based on normalised spatial frequency,33
providing a normalised-frequency-based method for a more consistent cross-scale and34
cross-instrument frequency band error division.35
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1. Introduction38



Given the continuous advancement of cutting-edge optical fields such as space optics,39
extreme ultraviolet (EUV) lithography, and inertial confinement fusion1–7, stringent40
requirements have been placed on the full-band errors of their optical components8–10.41
Among these, the surface error of optical components (hereafter referred to as a42
surface error) can be divided into low-, mid-, and high-frequency errors based on their43
frequency bands. Errors in different frequency bands have distinct and significant44
effects on the performance of optical systems11–13, requiring different manufacturing45
processes for targeted reduction14–16. Therefore, the accurate division and separation46
of errors across these frequency bands is an essential requirement in advanced optical47
manufacturing and testing.48

Various standards for frequency-band division have been proposed to facilitate the49
description and evaluation of surface errors. Initially, standards such as50
MIL-PRF-13830B17, ISO 10110 series18–20, and GB/T 1185-200621 focused on the51
visibility and dimensions of discrete surface defects rather than serving as standards52
for error division. Subsequently, institutions such as the U.S. National Ignition53
Facility (NIF)22–24 and Zeiss (Oberkochen, Germany)25 have proposed specific54
error-division standards tailored to their project requirements. However, these55
standards target optical components for specific tasks, wavelengths, and dimensions.56
The formulation of some standards relies heavily on empirical rules and lacks a57
unified and widely applicable standard for frequency-band error division.58
Consequently, the analysis of frequency-band errors currently relies on manual59
filtering, which requires multiple adjustments to determine the filtering range. This60
approach is inefficient, dependent on empirical rules, and prone to introducing61
operational errors, underscoring the urgent need for a high-precision, high-efficiency,62
automated, and regularised method for frequency-band error analysis.63

In recent years, the field of optical metrology has undergone a methodological shift64
from traditional numerical computations to machine learning and data-driven65
paradigms26–34. To address efficiency limitations, related research has leveraged deep66
learning to significantly improve feature inference26 and reconstruction speed27,67
successfully realising the parameter extraction of non-rigid physical models28, rapid68
mapping of high-dimensional optical responses29, and decoupling analysis of69
geometric features30. Physics-informed approaches have emerged as a new frontier for70
overcoming the uninterpretability of pure data-driven models. These methods71
introduce physical constraints such as energy conservation31 and combining72
simulations with actual measurement data32–34, thereby enhancing the efficiency and73
accuracy of complex tasks, including 3D measurement35–37, phase recovery38, and74
fringe analysis39–41. Furthermore, Fourier neural networks and frequency-domain75
attention mechanisms have recently been integrated into these approaches,76
demonstrating a significant potential for related tasks such as gradient-based surface77
reconstruction42 and surface defect detection43,44. However, existing data-driven78
paradigms have certain limitations:79

(1) Traditional methods mostly simplify the problem into black-box image processing,80



ignoring the physical distribution characteristics of multi-scale information in the81
frequency domain.82

(2) Network training aims to approximate manual labels and can therefore inherit part83
of the subjective variability introduced by manual filtering if no additional physical84
constraints are imposed.85

(3) Existing solutions frequently rely on high-performance hardware, which makes86
them difficult to apply in practical engineering sites with limited computational87
resources.88

This study proposes a scale-adaptive physics-aware deep-learning framework driven89
by a dual-domain physics-aware network (DPN) to effectively mitigate the physical90
limitations of traditional black-box models and previous fixed-mask methods. Our91
main contributions are as follows:92

1) For the extraction mechanism, the network integrates a deterministic spectral93
domain selective attention (SDSA) mechanism and a new adaptive learnable spectral94
gating (LSG) mechanism that targets the distinct spectral distribution characteristics95
of low-frequency errors and mid-frequency textures.96

2) The frequency-domain physical priors help the model to mitigate measurement97
noise and subjective variability introduced by manual filtering, improving the spectral98
and physical consistency of the extracted results.99

3) We propose a generalised frequency-band division method based on normalised100
spatial frequency. This framework is designed to achieve the high-precision extraction101
of full-band errors while targeting millisecond-level real-time inferences on standard102
computers. The proposed approach can facilitate real-time in situ frequency-band103
error analysis, providing a foundation for intelligent optical manufacturing and104
cross-scale cross-instrument optical surface quality evaluation.105

106

2. Methods107

2.1 Overall Architecture: Physics-Aware Dual-Domain Neural108

Network109

The key to accurately extract full-band errors is capturing the physical features of the110
frequency band errors at different scales from the instrument measurement results.111
From a traditional spatial domain perspective, the low-frequency surface deviation112

( lowZ ), mid-frequency manufacturing texture ( midZ ), high-frequency roughness113

( highZ ), and measurement noise ( ( , )N x y ) share the same coordinate space (x, y).114

Consequently, the distinct frequency-band error features within the instrument testing115
result ( Z ) are highly superimposed.116



low mid high( , ) ( , ) ( , ) ( , ) ( , )Z x y Z x y Z x y Z x y N x y    (1)117

The direct utilisation of neural networks to establish nonlinear mappings in the spatial118
domain is highly prone to overfitting and lacks physical interpretability because of the119
vast diversity in the surface morphologies of different optical components. However,120
according to the Fourier optics theory, superimposed frequency band errors in the121
spatial domain are naturally separated in the frequency domain45, and their spectral122
amplitudes follow an inverse power-law decay model.123
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where C , k , and ò represent a normalisation constant, decay rate constant related125
to the surface manufacturing process, and minimal value, respectively. This provides a126
novel perspective for frequency-band error extraction: each frequency-band error127
exhibits specific information distribution laws in the frequency domain. With an128

increase in the radial distance 2 2
x yf f , the corresponding spatial frequency also129

increases. Therefore, introducing spectral information distribution as a physical prior130
into network training is key to enhancing the physical consistency of the extracted131
results and reducing their sensitivity to local measurement noise and label-dependent132
fluctuations.133

Fig. 1 illustrates the scale-adaptive physics-aware deep learning framework proposed134
in this study. The framework adheres to the design philosophy of ‘frequency domain135
awareness and scale adaptation’. An SDSA mechanism is designed based on its136
isotropic and concentrated spectral information characteristics for the low-frequency137
error tested by interferometers, and an LSG is designed based on its random and138
anisotropic spectral information distribution characteristics for the mid-frequency139
error tested by optical profilers. Both are introduced into the dual-domain neural140
network as spectral physical information priors for establishing the mapping141
relationship between the instrument testing results and full-band error. A generalised142
division of the full-band error is by introducing a normalised spatial frequency to143
eliminate the size dependence.144



145

Fig. 1 Scale-adaptive physics-aware deep learning framework. The raw testing results146
from the interferometer and optical profiler are modulated in the Fourier spectral147
space by the SDSA mechanism and LSG for low- and mid-frequency errors,148
respectively. The DPN utilises dual-domain physical constraints to precisely extract149
the full-band (low-, mid-, and high-frequency) error information from the150
superimposed raw instrument data, enabling subsequent objective analysis and151
generalised frequency band error division based on normalised spatial frequency.152

153

2.2 Macro-Scale: Low-Frequency Error Extraction Based on SDSA154

Mechanism155

Low-frequency errors originate from gravitational deformation, alignment stress, or156
low-order aberrations46, and their spatial domain distribution is continuous and157
smooth, without obvious directionality. Therefore, the information distribution of the158
low-frequency error in the frequency domain is fundamentally identical, manifesting159
as a central envelope with highly concentrated energy and almost no side lobes.160
Accordingly, we introduce the SDSA mechanism from a previous work47 into the161
DPN, as shown in Fig. 2. The SDSA comprises a spectral attention reinforcer (SAR)162
and spectral rejection array (SRA).163
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A detailed theoretical derivation and parameter selection of the SDSA is presented in165
our previous work47. The specific network architecture design is presented in166
Supplementary Information S2.167

168

Fig. 2 Architecture of the SDSA and DPN for low-frequency error extraction. a169
Fourier spectral information distribution characteristics of interferometer testing170
results, where the frequency gradually increases with the radius. b Distribution of171
spectral ‘star-like’ noise introduced by traditional convolution during the training172
process. Based on the above spectra, c and d show the specific designs of the SAR173
and SRA for low-frequency error, respectively, where SAR is designed as an envelope174


































