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Fig. 1 Rapid design of spherical multi-lens optical system based on deep neural network AI methods™*". (a) Flow chart of the
algorithm based on deep neural network. “Inference”: fast inference to realize optical system design. The DNN network in
“Inference” is obtained by the two training steps of “Unsupervised traning” and “Supervised traning”. “Unsupervised traning”
and “Supervised traning” are training processes that only need to be done once. In AT optical design, designers only need to
carry out the “Inference” process to quickly design spherical multi-lens optical systems. (b) Architecture of the deep neural
network. The input parameters are the first-order specifications of the optical system (entrance pupil diameter EPD, half height
field of view HFOV, and vignetting coefficient threshold, ezc.). A deep network can achieve dynamic iterative updates. The

output parameters are the structural parameters of the lens (curvature, refractive index, and spacing, etc. )
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Fig. 2 “Lens design extrapolation method” based on deep neural networks realizes designing various types of microscope objectives™

]

(the input parameters are the first-order specifications of the microscope objective lens and the qualitative arrangement

description of the lens, and the output parameters are the structural parameters of the microscope objectives, such as curvature,

refractive index, and spacing)
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Fig. 3 Design off-axis flight visual display system based on deep learning neural network™. In the database (upper dotted box), the
input parameters are the first-order specifications of the off-axis flight visual display system, such as X-direction field of view,
Y-direction field of view, pupil position and size, and object distance, and the output parameters are polynomial function of the
off-axis free-form surface. In testing and practical use (the dotted box below), the deep neural network can quickly output the

initial structure of the off-axis free-form surface, which can be further optimized later
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Fig. 4 Design of off-axis three-mirror free-form surface imaging system based on deep learning neural network”. In the “Dataset
generation”, the input parameters are the first-order specifications of the imaging system (field of view, effective focal length,
and F#), and the output parameters are surface structural data, such as off-axis free-form surface shape, interval, and tilt
angles. In practical use, after the first-order specifications of the system are input, the deep neural network can quickly output

the initial structure of the off-axis free-form surface, which can be further optimized later
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Fig. 5 Diagram of the deep learning network architecture used in Fig. 4" (SSP: system specifications; OSD: output surface data)
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Fig. 6 Design of various optical systems based on a general artificial intelligence framework™™. (a) Off-axis triple-mirror imaging

system; (b) off-axis four-mirror afocal telephoto system with free-form surface; (c) free-form prism system for augmented reality

near-eye display
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Fig. 7 Free-space diffractive optical system enables optical computing digital sorting and imaging"”. (a) Schematic of deep diffraction

networks; (b) free-space optical computing digital classification system based on diffractive neural networks; (c) free-space

conjugate imaging system based on diffractive neural networks; (d) comparison between diffractive neural networks and

conventional neural networks
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Fig. 8 Computational classification system for optoelectronic hybrid based on diffractive neural network™!. (a) Schematic of

optoelectronic hybrid network; (b) phase distribution maps of five diffractive layers
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Fig. 9 Singlet lens computational imaging cameras
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Fig. 10

“End-to-end” optoelectronic system design method with joint optimization of optical design and computational imaging™ !
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Fig. 11 Large depth-of-field (DOF) singlet lens imaging system"

“I(In optical design, maintain the consistency of PSF within a large

DOF. After the digital image is acquired, the image contrast is further enhanced by deconvolution method)
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" (a) Schematic of singlet lens

microscopic imaging system; (b) three-dimensional schematic of portable color singlet lens computational microscopic imaging
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®) Table 1. IQmean before and after deconvolution for the different Cooke triplets.

IQmean Conventional triplet EMTEF triplet MMSE; triplet MMSE, triplet
Before deconvolution 129dB 10.9dB 13.2dB 10.1dB
After deconvolution 13.5dB 13.5dB 14.6 dB 16.0 dB
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Fig. 15 Comparison of “end-to-end” joint optimization optoelectronic imaging system methods”™. (a) Post deconvolution

computational imaging method can significantly improve the image quality of the optical lens (Cooke Triplets); (b) comparison

of imaging capabilities based on different optimization criteria
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Table 1 Designing method comparison between traditional iterative algorithms and Al deep learning

Traditional iterative algorithm

Al deep learning

Surface type

Method Time-cost Method Time-cost
. “Unsupervised learning +
. Least square method""", gradient Seconds, |P _edrning
Sphere, simple RS . . supervised learning” two step -
. descent optimization ', Hammering minutes, up to - (3135 . Millisecond
aspheric surface T . learning """, lens design
optimization ", etc. hours, even failure . l36.37]
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Partial differential equation Supervised learning ",
[116] . Seconds, .
methods "', gradient descent . back propagation neural network o
Free-form surface o s minutes, up to 0] . Millisecond
optimization' ", simulated . method ", system evolution method
. L9217 hours, even failure . [41]
annealing methods ™", ezc. and K-nearest neighbor method
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Diffractive surface, G-S phase iteration™, FDTD . . . [4448] e
- 301 . o 32.33] minutes, up to Deep diffractive neural network Millisecond
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i hours, even failure
Optical system and L Lo Seconds, “ " .
P ySu Separated designing''”’, RL blinding . End-to-end” deep learning neural -
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imaging co-design
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In the past decade, demand for deep learning-based technologies has exploded, gradually penetrating multiple optical
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technology fields and driving the development of many corresponding technologies. Meanwhile, optical industries such as aerospace
observation, AR/VR consumer electronics, mobile phone photography, and ultrashort-throw projectors are booming. This
introduces complex design requirements for optical systems. The performance requirements of these optical systems have increased,
and optical elements have become more complex. Free-form surfaces and metasurfaces have far more freedom than traditional
spherical and low-order aspheric surfaces. This allows for further optimization of the independent variable parameters. Therefore,
free-form surfaces and metasurfaces provide more freedom for optical system design. Moreover, free-form surfaces and metasurfaces
can reduce the number of required optical components.

However, traditional optical design, manufacturing, and testing methods are not competitive for free-form surfaces and
metasurfaces. In a traditional spherical optical system design, the degrees of freedom and the power orders of the independent
variables are low. Therefore, iterative optimization and optical design methods are based on linear equations. In addition, solving the
inverse partial differential equations can improve the completion of optical design tasks. With the demand for high-performance optical
systems, the numbers of free-form surfaces and metasurfaces have significantly increased, providing a larger design space for optical
systems. For free-form surfaces and metasurfaces, early iterative optimization and direct-solution optical design methods face many
difficulties and challenges. The introduction of artificial intelligence (AI) technology has facilitated the development of many
technologies, such as optical imaging and optical physical field regulation. System design methods have now entered a new era: the
“AT optical design era”.

Deep-learning-based technologies have powerful computing, data evolution, and nonlinear inverse solving capabilities, which
provide new ideas and methods for more complex optical system designs. From a mathematical perspective, Al deep learning
methods are used to solve the mathematical equation of the relationship between the optical surface shape and optical aberration. Al
optical design methods are not only a breakthrough at the algorithm level, but also make full use of the new hardware “computer
power” in the AT era. Although most traditional inverse solutions rely on iterative optimization, AT optical design methods are based
on data-driven and physical-model-driven approaches. The iterative optimization process is performed in advance during the training
process without the need for real-time iterative optimization to achieve the initial optical system design quickly and accurately.

The classical optical electromagnetic theory can be used to guide the construction of neural networks for deep learning. Physical
models such as aberration theory and wave aberration can be used to design loss functions that match real optical engineering
problems. This loss function design significantly improves the degree of matching between deep learning networks and actual
engineering problems. The rapid and accurate characteristics of Al deep learning are based on the successful training of neural
networks. Additionally, deep learning-based methods are optimized through training and learning data, resulting in an intelligent and
optimized design process that benefits from the data used for training in each training session.

Progress From traditional iterative optimization to Al deep-learning optimization, optical system design methods are not
completely independent or separate. This review discusses the internal path connection and development logic of the optical system
design method, and looks forward to future and potential development directions. First, the development trends of optical system
design requirements and optical surface shape complexity are introduced. Second, the concepts of traditional optical design methods
are introduced and problems are analyzed. Subsequently, optical design optimization algorithms based on Al deep learning are
introduced, which are divided and categorized according to surface types. These include spherical and low-order aspherical surfaces,
free-form surfaces, diffractive elements, metasurfaces, and the co-design of optical systems and computational imaging. The
principles and time consumption of traditional design algorithms and Al deep-learning algorithms are compared for different surface
types (Table 1). Finally, we look forward to the future direction of development in the “AT optical design era”.

Conclusions and Prospects From traditional iterative optimization to Al, optical system design methods cannot be analyzed and
discussed separately. In traditional convex optimization algorithms, the partial differential solution consumes extremely large CPU
threads. Moreover, the interference and diffraction models involving physical optics not only consume CPU threads, but also require
the real-time memory space of the computer to perform multidimensional matrix operations. Al deep learning optical design
technology provides new ideas on the algorithm as well as new means for computing the hardware of a GPU or TPU. Many optical
algorithms have significantly improved both the algorithms (software) and parallel computing (hardware), demonstrating that Al
optical design is superior to the traditional optical system design method based on convex optimization planning, in both algorithm and
hardware ‘computing power. > An AT optical design can be used to quickly obtain the initial structure of an optical system. It can be
developed in conjunction with a classic optical system design method based on convex optimization. The optical system design idea,
based on an Al deep-learning architecture, is a very young breakthrough technical idea. A large number of optical technicians still

need to combine practical engineering problems for further development.

Key words optical design; artificial intelligence; deep learning; iterative optimization
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