
Review DOI: https://doi.org/10.63174/xdi.AUKR9833

https://doi.org/10.63174/xdi.AUKR9833

Volume 2 Issue 3

Received: 17 May 2026

Accepted: 18 May 2026

Published: 21 May 2026

1 X-Disciplinarity

Open Access

1 International School for Optoelectronic Engineering, Qilu University of Technology (Shandong Academy of Sciences), Jinan, China; Laser Institute of 
Shandong Academy of Sciences; China-Belarus Belt and Road Joint Laboratory on Intelligent Perception in Extreme Environments
* Corresponding author: sdkdcd@163.com

Zhen Zhang1, Hao Mi1, Ruiting Li1, Faqian Liu1, Mengchao Gao1, Hongdi 
Wang1, Qicheng Gai1, Duo Chen1,*

1. Introduction
Optical Coherence Tomography (OCT) is a novel three-dimensional (3D) 
imaging technology first proposed by Huang et al. in 1991[1]. The physical basis 
of OCT lies in low-coherence interferometry. By analyzing the backscattered 
signals of broadband light from the microstructures inside the sample, it 
realizes high-resolution, non-invasive tomographic imaging of transparent or 
scattering media such as biological tissues[2,3]. Since its inception, the technical 
path has undergone fundamental transformations: from Time-Domain OCT 
(TD-OCT) (as shown in Figure 1), which relies on mechanical scanning 
of the reference arm for depth encoding, to Frequency-Domain OCT (FD-
OCT), which directly extracts depth information through Fourier analysis of 
interference spectra. This shift, especially its two main practical branches—
Spectral-Domain OCT (SD-OCT) based on camera-captured spectra and 
Swept-Source OCT (SS-OCT) based on rapidly tunable lasers (as shown in 
Figure 2), has brought about orders-of-magnitude improvements in imaging 
speed and detection sensitivity, laying the foundation for the application of 
OCT in dynamic in vivo imaging[4-7].
Today, the application boundary of OCT has far exceeded the field of 
ophthalmology. It has shown great potential in biomedical scenarios such as 
cardiovascular endoscopic imaging, early gastrointestinal cancer screening, 
skin disease diagnosis, and intraoperative monitoring in neurosurgery. 
Meanwhile, it has achieved large-scale application in cross-cutting fields 
including industrial welding quality monitoring (as shown in Figure 3), 

material non-destructive testing, forensic science evidence analysis, and 
cultural relic disease assessment[8-12]. The continuous expansion of application 
scenarios has put forward higher requirements for the core performance, 
scenario adaptability and clinical usability of OCT technology, and also 
highlights two unavoidable core contradictions in the current technological 
development, which are the two core points of this paper:
The first core point: At the level of OCT system construction, existing 
technologies have achieved an order-of-magnitude breakthrough in core 
indicators such as axial resolution and imaging depth through iterative 
optimization of light sources, spectrometers, scanning mechanisms and 
integrated architectures. However, they can never fundamentally break the 
inherent inverse relationship between resolution and imaging depth under 
the classical optical framework. At the same time, they fail to solve the core 
bottlenecks including the attenuation of sensitivity with imaging depth, the 
difficulty in balancing high performance with system miniaturization and low 
cost, and the mismatch between technical indicators and clinical needs[13,15]. 
Existing engineering optimization can only alleviate the contradictions, but 
cannot achieve essential breakthroughs. In the future, it is possible to break 
through the limitations of the traditional technical framework and realize the 
simultaneous breakthrough of core performance and scenario adaptability 
through the innovation of new physical principles, chip-level integrated optics, 
software-hardware co-design and other means.
The second core argument: At the level of OCT image processing, 
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Figure 1. Schematic diagram of the basic structure of Time-Domain OCT, 
showing axial depth encoding by mechanical scanning of the reference arm. 
Adapted from Ref. [29]

the algorithm system has completed the paradigm shift from classical 
statistical model-driven to deep learning data-driven, and has achieved 
leapfrog development in speckle noise suppression, image super-resolution 
enhancement, functional information extraction, and intelligent disease 
diagnosis. However, existing algorithms have always been unable to solve the 
exclusive pain points brought by the physical characteristics of OCT coherent 
imaging. There are core problems including the disconnection between 
physical priors and algorithm models, the mismatch between algorithm 
optimization objectives and clinical diagnosis needs, and the insufficient 
coordination between hardware performance and algorithm capabilities, 
which make it difficult to translate the excellent laboratory performance into 
stable clinical practical value[16-19]. In the future, it is possible to promote the 
leap of algorithms from “indicator optimization” to “clinical availability” 
through solutions such as explainable AI embedded with physical priors, self-
supervised learning, and software-hardware collaborative optimization.
This paper will focus on the above two core points, take system hardware 
construction and image processing algorithms as the two main chapters, 
systematically sort out the research progress of OCT technology, deeply 
analyze the core bottlenecks and unsolved problems of existing technologies, 
and put forward the corresponding future breakthrough paths and development 
directions.

2. Research on Design and Implementation Methods of Spectral-
Domain OCT Systems

2.1. Technical Progress in OCT System Construction for Core 
Performance Optimization
2.1.1. Light Source and Spectrometer
The light source is the physical origin of OCT system performance. Its 
central wavelength mainly affects the tissue penetration depth and scattering 
characteristics, while the spectral bandwidth directly determines the ultimate 

axial resolution of the system, but there is an inverse relationship between 
the two[20]. To pursue sub-micron or even higher resolution, ultra-broadband 
light sources such as supercontinuum sources have been widely adopted. 
For example, in 2004, Barry Cense and Nader A. Nassif achieved 4 μm axial 
resolution by splicing two SLD light sources, which has obvious advantages in 
cost and system construction, but the resolution improvement is limited; in the 
same year, N. A. Nassif’s team developed an SD-OCT system that achieved 
6 μm axial resolution in the retina and a maximum sensitivity of 98.4 dB, 
and its fast 3D imaging capability can clearly present retinal structures, but 
the field of view is relatively small (as shown in Figure 4)[21]; in 2009, V. J. 
Srinivasan’s team achieved ≈3.3 μm axial resolution in tissues based on ultra-
high-resolution OCT with a 50 kHz A-line rate, which can be used to detect 
retinal functional responses, but the field of view is small and usually needs 
to be combined with noise reduction processing[22]; in 2013, Lin An’s team 
launched a 1050 nm SD-OCT system with an axial resolution of ≈10 μm in air 
and an imaging depth of 6.1 mm, which has the advantages of large imaging 
depth and wide field of view, but the resolution is relatively low (as shown in 
Figure 5)[23]; in 2020, ByungKun Lee’s team developed an 840 nm UHR SD-
OCT with an axial resolution of 2.4 μm (unshaped spectrum)/2.7 μm (spectral 
shaping) in tissues, which can clearly display the fine structures of tissues, but 
the resolution slightly decreases after spectral shaping (as shown in Figure 6)
[24]; in 2025, Mohammad Hossein Vafaie’s team designed a UHR SD-OCT for 
retinal applications, with an axial resolution ≤3 μm, a lateral resolution ≤15 
μm, and a maximum imaging depth ≥1.5 mm. Its parameters are specially 
optimized for retinal imaging, but the clinical effect of the system remains to 
be further verified[25]. Another mainstream technical path—Swept-Source OCT 
(SS-OCT)—obtains depth information mainly by rapidly and continuously 
tuning the laser wavelength. In recent years, swept-source OCT has also 
achieved extensive development and application. Among them, Micro-
Electro-Mechanical System (MEMS)-based Vertical-Cavity Surface-Emitting 
Lasers (MEMS-VCSEL) have become an important choice for commercial 
ophthalmic OCT systems due to their good balance between sweep rate, cost, 

Figure 4. Spectral-domain OCT setup for retinal imaging. The system 
includes a high-powered superluminescent diode source (HP-SLD), 
polarization controllers (PC), slit-lamp (SL), neutral density filter (NDF), 
collimator (Col), transmission grating (TG), air-spaced focusing lens (ASL), 
linescan camera (LSC), and the eye, illustrating the spectral-interferometric 
acquisition pathway. Adapted from Ref. [21]

Figure 2. Comparison of the basic structures of SD-OCT and SS-OCT, 
illustrating spectrometer-based spectral acquisition and swept-source 
wavelength scanning. Adapted from Ref. [29]

Figure 3. Schematic of the welding depth measurement system based on 
SD-OCT, showing how tomographic signals are used to monitor weld/
keyhole geometry during laser processing. Adapted from Ref. [9]
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Figure 7. (a) General structure of the spectrometer used for spectral sampling in SD-OCT. (b) Orthogonal dispersive spectrometer structure, illustrating a 
design route for improving spectral resolution and free spectral range. Adapted from Refs. [29,30]

Figure 6. Schematic diagram of the UHR SD-OCT system, showing spectral 
shaping to balance higher axial resolution and longer imaging range. DM, 
dichroic mirror; FPC, fiber polarization controller; ND, neutral density; 
SLD, superluminescent diode. Adapted from Ref. [24]

Figure 5. Schematic of the ultrahigh-speed SD-OCT system setup, showing 
the 1.0 µm SLD source, polarization controller (PC), reference mirror (M), 
and optical path used for high-speed deep retinal imaging. Adapted from 
Ref. [23]

and reliability[14,26].
Both system sensitivity and resolution are important indicators to measure the 
system. Among them, the Relative Intensity Noise (RIN) of the light source 
is one of the key factors limiting system sensitivity. Using semiconductor 
optical amplifiers for gain saturation amplification or designing multi-channel 
detection to average noise are effective suppression strategies[27,28].
In SD-OCT, the spectrometer, as the core component that converts interference 
spectral signals into digital information, its performance is crucial (as shown in 

Figure 7(a)). Spectrometers face many challenges, such as system sensitivity 
attenuation and noise control, dispersion mismatch and compensation, system 
stability and calibration, etc. Among them, the problem of system sensitivity 
attenuation lies in realizing the linear mapping from spectrum to wavenumber 
space to mitigate nonlinear sampling. Nowadays, there are many methods 
to alleviate this problem. For example, the linear wavenumber spectrometer 
design combining prisms and diffraction gratings can effectively reduce errors 
caused by interpolation in data processing, becoming the mainstream scheme 
for high-performance systems[20,29]. In addition, there are some innovative 
designs, such as constructing an orthogonal dispersion spectrometer by 
combining gratings with Virtual Image Phase Array (VIPA), which can achieve 
high spectral resolution while covering a wide free spectral range, providing 
possibilities for long-distance and high-precision measurements (as shown in 
Figure 7(b))[30].

2.1.2. Scanning Mechanism and System Architecture
The ability to achieve fast and accurate lateral scanning is the basis for 
acquiring 2D and 3D images and a key to system miniaturization. For 
miniaturization, traditional galvanometer scanners are gradually being 
replaced by more compact and fast Micro-Electro-Mechanical System (MEMS) 
mirrors. However, MEMS mirrors also have certain problems. To address 
the inherent nonlinearity and scanning distortion of electrothermally driven 
MEMS mirrors, studies have proposed an open-loop feedforward control 
algorithm based on their transfer function. By optimizing the driving voltage 
waveform, it effectively corrects fan-shaped distortion and significantly 
improves the geometric fidelity of imaging[31]. Revolutionary non-mechanical 
scanning schemes are also emerging. For example, using the electrowetting 
effect to control the curvature of the interface between two immiscible 
liquids to form a voltage-tunable prism, realizing extremely compact beam 
deflection, which is very suitable for scenarios with strict space requirements 
such as endoscopes[32]. In terms of invasive imaging, the all-optical driven 
MEMS fiber endoscope probe (as shown in Figure 8) transmits driving light 
through optical fibers and converts it into voltage at the distal end to drive the 
MEMS mirror, completely avoiding electromagnetic interference and patient 
safety risks caused by electrical connections, showing extremely high clinical 
application potential and bringing many benefits for subsequent medical 
applications[33].
The design of the system architecture needs to be closely centered on 
the requirements of specific application scenarios. To meet the clinical 
examination needs of special populations such as bedridden patients and 
infants, a portable cantilever-type OCT system supporting supine operation has 
emerged (as shown in Figure 9). Such systems integrate real-time iris imaging 
and electric focusing functions (as shown in Figure 10), greatly improving the 

Figure 8. Photographs of the MEMS optical endoscope. (a) Probe 
assembly with the input/output fiber, lens optics, and MEMS scanner. (b) 
SEM image of the electrostatic MEMS optical scanner, illustrating distal 
beam steering for endoscopic OCT. Adapted from Ref. [33]
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Figure 10. Schematic and photo of the portable boom-type UHR-OCT 
for supine retinal imaging. (a) System schematic; SLD, superluminescent 
diode; CL, collimator; NF, neutral-density filter; DC, dispersion 
compensation prisms; L, lens; G, galvanometer scanner; TS, translational 
stage; WS, workstation; EL, electronically tunable lens; PC, polarization 
controller; DM, dichroic mirror; BS, beam splitter; OL, ocular lens. (b) Main 
components of the probe. (c) Photograph of the system. (d) Clinical imaging 
of an infant, showing the workflow enabled by the portable boom-type 
configuration. Adapted from Ref. [34]

Figure 9. Low-cost portable OCT system. (a) System engine. (b) Top 
view of the system interior, illustrating compact integration for point-of-care 
imaging. Adapted from Ref. [15]

success rate of high-quality retinal imaging in challenging body positions[34]. 
For unstable environments such as handheld or endoscopic imaging, the 
common-path interference architecture integrates the reference reflection 
surface into the sample arm probe, making a part of the sample arm beam 
itself serve as the reference light, which greatly enhances the system’s ability 
to resist environmental vibration interference[35,36]. In addition, the innovative 
dual-interferometer design combined with a single spatial light modulator 
realizes independent and precise regulation of the wavefronts of the reference 
arm and sample arm, providing a powerful tool for optimizing focusing and 
improving signal intensity at specific depths in strongly scattering media[37].

2.2. Core Bottlenecks and Future Breakthrough Paths of OCT 
System Construction
Although existing OCT system construction technologies have achieved an 
order-of-magnitude breakthrough in core indicators such as resolution and 
imaging depth through the iteration of core devices and architectures, there are 
still four core bottlenecks restricting its essential technological breakthrough 

and large-scale clinical implementation:
First, it is impossible to break the inherent physical contradiction between 
resolution and imaging depth under the classical optical framework. Under 
the classical optical framework, the axial resolution of OCT is determined by 
the spectral bandwidth of the light source, satisfying the formula Δz=(2ln2/π)
(λ₀²/Δλ), where λ₀ is the central wavelength of the light source and Δλ is the 
spectral bandwidth. Resolution and penetration depth are inversely related 
via the central wavelength and spectral bandwidth of the light source. A long 
wavelength can improve the tissue penetration depth but will reduce the lateral 
resolution, and the realization of ultra-broad spectral bandwidth in the long 
wavelength band has device technical barriers, making it impossible to achieve 
simultaneous optimal improvement of the two in a single system.
Second, it is impossible to completely eliminate the attenuation of sensitivity 
and resolution with imaging depth. The increase in imaging depth will lead 
to an exponential attenuation of the backscattered signal of the sample, 
superimposed with problems such as nonlinear sampling of the spectrometer 
and dispersion mismatch, which further aggravate the performance 
degradation. Existing compensation and optimization schemes can only 
alleviate this problem, but cannot fundamentally reverse the signal-to-noise 
ratio attenuation in deep imaging.
Third, it is difficult to balance the trade-off between high performance and 
system miniaturization, low cost, and clinical adaptability. High-performance 
systems rely on high-end optoelectronic devices, which have the problems 
of large volume, high cost, and high operation threshold, making it difficult 
to popularize in primary healthcare. In contrast, low-cost portable systems 
sacrifice core imaging performance to compress volume and cost, which 
cannot meet the needs of high-precision clinical diagnosis, resulting in a 
serious mismatch with the actual clinical scenario needs.
Fourth, the problem of motion distortion and artifacts in dynamic in vivo 
imaging cannot be effectively solved. Random physiological movements such 
as heartbeat, respiration, and gastrointestinal peristalsis lead to reduced image 
resolution and structural dislocation. Existing scanning optimization schemes 
can only correct the inherent distortion of the scanning mechanism, and cannot 
realize real-time and accurate compensation for the random movement of 
living tissues.
In view of the above core bottlenecks, combined with the development trend 
of optical engineering and integrated photonics technology, the essential 
breakthrough of OCT system construction can be achieved through four core 
paths in the future:
First, by relying on new photonic devices such as metasurface lenses, quantum 
light sources, and single-photon detectors, we can break the inherent limitation 
between resolution and imaging depth in terms of physical principles, and 
improve the detection efficiency of weak signals in deep imaging[38].
Second, by realizing the full link integration of the chip-level OCT system 
based on silicon-based and silicon nitride photonic platforms, we can greatly 
reduce the system volume and cost, reduce the optical path loss, dispersion 
mismatch and other problems caused by discrete devices, and fundamentally 
improve the stability and consistency of the system.
Third, by adopting scenario-customized design, getting rid of the development 
path of indiscriminately pursuing the ultimate indicators, directionally 
optimizing system parameters and architecture for different scenarios such as 
ophthalmology, cardiovascular endoscopy, and primary medical screening, 
we can break the inherent contradiction between performance and cost, and 
realize the precise matching of technology and clinical needs.
Fourth, by constructing a closed-loop system of “scanning-acquisition-
correction” through software-hardware collaborative optimization, combining 
the real-time processing capability of Field Programmable Gate Array (FPGA) 
and new non-mechanical scanning technology, we can realize full-link real-
time motion compensation for dynamic in vivo imaging, and fundamentally 
solve the artifact problem of dynamic imaging[39].

3. Research Progress in OCT Image Processing and Algorithms

3.1. Technological Evolution and Research Progress of OCT 
Image Processing Algorithms
3.1.1. Speckle Noise Suppression
Speckle noise, an inherent physical phenomenon in coherent imaging, presents 
as multiplicative, spatially correlated granular textures, which seriously 
interfere with image interpretation and quantitative analysis[38-41]. Early 
suppression methods mainly relied on modeling the statistical characteristics 
of noise or images, including anisotropic diffusion filtering based on local 
statistics, wavelet threshold denoising using multi-scale and multi-directional 
analysis, and dictionary learning algorithms based on image patch sparse 
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Figure 12. Comparison of denoising performance of different methods on 
the Duke-2013 dataset, illustrating the trade-off between speckle suppression 
and preservation of retinal structure. Adapted from Ref. [52]

Figure 11. Experimental results on OCT images of patients with 
subfoveal cysts. (A) Noisy OCT image of the pathological sample. (B) 
Image denoised by the nonlinear complex diffusion filter, demonstrating 
edge-preserving speckle suppression. Adapted from Ref. [50]

representation[42-44]. Although these methods have physical interpretability, 
they often face an irreconcilable contradiction between noise suppression and 
preservation of fine tissue structures.
The rise of deep learning has brought a paradigm revolution to speckle 
suppression. Supervised learning methods, such as Denoising Convolutional 
Neural Networks (DnCNN), perform end-to-end training through a large 
number of “noisy-clean” image pairs, which can effectively learn the 
complex mapping from noisy images to potentially clear images, achieving 
performance significantly superior to traditional methods[16,45]. Given the 
difficulty in obtaining absolutely “clean” label data in the medical field, 
unsupervised or self-supervised learning has become a research hotspot. For 
example, by sampling multiple sub-patches from a single noisy image to 
construct self-supervised training pairs, or designing a triplet cross-fusion 
learning strategy to train using unpaired noisy and relatively clean images, 
these methods can achieve denoising effects comparable to supervised 
learning without ideal labels[46,47]. Generative Adversarial Networks (GANs) 
can generate results visually closer to real tissue textures[48], while emerging 
diffusion models learn the inverse process by simulating complex noise 
degradation processes, showing unique advantages in detail preservation[49]. 
These advanced algorithms can usually increase the peak signal-to-noise ratio 
of images by several decibels and the structural similarity index by more than 
0.1, effectively suppressing noise while better preserving crucial anatomical 
details.
Over the past two decades, OCT speckle noise suppression technology has 
undergone a profound evolution from model-driven to data-driven, and 
from general processing to specialized intelligence. In 2007, Salinas and 
Fernández introduced PDE-based nonlinear diffusion methods into OCT 
(as shown in Figure 11) laying the foundation for adaptive edge-preserving 
denoising, but they are parameter-sensitive and have limited suppression of 
multiplicative noise. Subsequently, software algorithms developed rapidly 
in the direction of improving intelligence and efficiency[50]; in 2013, Fang 

et al.’s sparse representation simultaneous denoising and interpolation 
framework achieved high-quality reconstruction from undersampled data, 
greatly improving the potential imaging speed, but it is computationally 
complex and relies on a large number of paired training datasets[51]; in 2015, 
Gong et al.’s adaptive total variation model better balanced denoising and 
edge preservation by dynamically adjusting the smoothing intensity (as 
shown in Figure 12)[52]; in 2017, Fang’s team’s segmentation-based sparse 
reconstruction method significantly improved reconstruction accuracy by 
training specialized dictionaries for each layer of the retina, but it is highly 
dependent on accurate segmentation results[53]. At the same time, the hardware 
path provides a simple parallel scheme, such as real-time speckle averaging 
using an optical chopper adopted by researchers in 2020, which is low-cost 
and easy to integrate, but introduces light loss and is sensitive to sample 
motion[54] . To promote the practical application of algorithms, in 2022, Li 
et al. achieved efficient adaptation of sparse representation methods through 
pre-trained global dictionaries and fast noise estimation (as shown in Figure 
13)[44]; in 2023, You et al. represented in-depth tuning for specific tasks 

Figure 13. OCT images processed by different denoising methods: (a) 2D adaptive Wiener filtering; (b) wavelet soft-threshold denoising; (c) total variation 
(TV) denoising; (d) sparse representation, highlighting differences in noise suppression and structural retention. Adapted from Ref. [44]
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Figure 14. Denoising results of in vivo human skin images acquired by the visible-light source D-FF-OCT system. First row: original images. Second row: 
denoised images, showing the removal of mixed noise while preserving cellular-level structures. Adapted from Ref. [56]

through systematic optimization of wavelet denoising parameters[55]. The 
latest frontier breakthroughs are reflected in the overcoming of clinical data 
bottlenecks by deep generative models: in 2025, Liu et al.’s proposed unpaired 
reference-guided generative adversarial network innovatively extracts 
high-frequency perturbations from real noisy images to construct training 
data pairs, which can effectively remove complex mixed noise in cellular-
resolution OCT without simulating noise or acquiring demanding paired 
data, but its performance is still affected by the quality of reference images 
and there is a risk of domain shift (as shown in Figure 14)[56]. The THFN-
OCT model proposed in 2025 represents the further intelligent development 
of diffusion models in this field. Based on the cold diffusion framework, this 
method explicitly encodes the time steps of the diffusion process into dynamic 
weights through frequency-domain decoupling and time-step-aware attention 
mechanisms, guiding the network to adaptively reconstruct low-frequency 
structures and enhance high-frequency details in different denoising stages. 
Its designed frequency-selective skip connections (FreqSkip) further alleviate 
the loss of high-frequency information caused by pooling and upsampling. 
Experiments show that the model achieves performance superior to existing 
methods on both public and private datasets, effectively suppressing noise 
while better preserving the fine structures and textures of the retina, promoting 
OCT denoising technology toward higher fidelity and stronger adaptability[49]. 
Looking at this course, technological development has always centered on 
the core trade-off of “denoising-fidelity-efficiency-feasibility”. The latest 
research is committed to promoting OCT from a high-quality imaging tool to 
a fast, quantitative intelligent analysis platform that can solve practical clinical 
data problems through the combination of software and hardware and more 
intelligent algorithms.
3.1.2. Image Enhancement, Super-Resolution and Functional Expansion
Beyond simple noise suppression, algorithms aimed at actively improving 
image visual quality and information density are another active direction. 
To address image blurring caused by defocus or system aberrations, deep 
learning-based digital refocusing technology offers an effective solution. It 
can directly recover clear structures at the focal plane from a single defocused 
image, thereby effectively expanding the usable depth of field of the system 
and expanding the imaging range while ensuring resolution[57]. There are more 
complex computational optical methods, such as a joint optimization algorithm 
combining non-local self-similarity priors and Rayleigh-Sommerfeld 
diffraction models, which can even achieve image sharpening and artifact 

correction within a range far exceeding the traditional optical depth of field[58]. 
For improving spatial resolution, a one-dimensional deconvolution network 
based on deep learning can adaptively recover image details by inputting 
point spread function information, achieving an average lateral resolution 
improvement of approximately 23%[59]; while the technology combining 
multi-angle scanning and computational reconstruction, Optical Coherence 
Refraction Tomography (OCRT) (as shown in Figure 15), fundamentally 
breaks through the diffraction limit, achieving an order-of-magnitude 
improvement in lateral resolution and isotropic 3D imaging[60].
The great value of OCT lies more in its ability to expand functions beyond 
structural imaging. Optical Coherence Tomography Angiography (OCTA) 
generates high-resolution microvascular network images of the retina, choroid, 
and even skin by analyzing signal changes caused by red blood cell movement 
between consecutive B-scans without injecting exogenous contrast agents. It 
has become a core tool for the diagnosis and follow-up of vascular diseases 
such as diabetic retinopathy and age-related macular degeneration[61]. The 
core of its algorithm lies in the high-specificity separation of dynamic blood 
flow signals from static tissue backgrounds. New algorithms such as complex 
correlated phase gradient variance effectively improve the ability to resist 
artifacts such as eye movement and the specificity of blood flow detection by 
utilizing the stability of phase information[17]. Optical Coherence Elastography 
(OCE) can quantitatively map the biomechanical properties of tissues by 
detecting tiny deformations or vibrations of tissues under internal or external 
mechanical stimulation, providing a new dimension for the differential 
diagnosis of tumors and the evaluation of corneal biomechanics (as shown 
in Figure 16)[62]. The development of this technology is closely dependent 
on high-precision displacement estimation technology and supporting image 
quality evaluation standards[63,64].

Figure 16. Schematic diagram of the OCE system, illustrating the optical 
path for detecting mechanically induced tissue deformation. FS, fiber splitter; 
FC, fiber coupler; BPD, balanced photodetector; L, lens; C, circulator. 
Adapted from Ref. [62]

Figure 15. Parabolic-mirror-based OCRT imaging system enabling 
multi-view imaging over wide angular ranges. (a,b) Schematic of the 
imaging system, in which a 2D translating probe angularly scans a collimated 
beam with galvanometers (G), and the sample is placed at the center of a 
water-filled glass optical dome for computational 3D reconstruction. Adapted 
from Ref. [60]
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Figure 18. Comparison of compressed-sensing-based OCT reconstruction methods on en face views at a CS ratio of 0.01. (a) Overall reconstruction 
results. (b) Local magnification results, illustrating reconstruction fidelity under sparse sampling. Adapted from Ref. [70]

Figure 17. Example segmentation outputs from the R2 U-Net three-layer variant for the Stargardt disease dataset overlaid on OCT images. The full image and 
zoomed region show retina and choroid/sclera segmentation boundaries for quantitative layer analysis. Adapted from Ref. [65]

3.1.3. Intelligent Analysis and Efficient Reconstruction
Automated and intelligent image analysis is the key for OCT technology 
to achieve large-scale screening and objective quantification. Accurate 
segmentation of retinal layers is the basis for quantitative diagnosis of 
glaucoma, macular diseases and other conditions, and U-Net and a series 
of its performance-enhanced variant networks have become the benchmark 
architecture for completing such semantic segmentation tasks, achieving 
extremely high segmentation accuracy on multiple public datasets (as shown 
in Figure 17)[65].
In terms of intelligent disease classification, models based on classic 
convolutional neural networks such as ResNet and VGG have achieved 
accuracy, sensitivity and specificity close to or even exceeding those of senior 
ophthalmologists in the differential diagnosis of various retinal diseases such 
as diabetic macular edema and age-related macular degeneration[18,66]. To 
improve the clinical acceptability and credibility of deep learning models, 
visualization techniques such as class activation mapping are integrated into 
the classification network to intuitively display the image areas on which the 
model makes decisions, enhancing its “interpretability”[18].
However, the healthy development of this field faces severe data-related 
challenges. Important studies have clearly pointed out that when dividing 

the dataset, if it is not strictly ensured that all images from the same subject 
only appear in either the training set or the test set, it will lead to serious 
“data leakage”, which makes the generalization performance of the model 
seriously overestimated, which sounds an alarm for the objective evaluation of 
algorithms[67-69].
In telemedicine, mobile healthcare or resource-constrained embedded and IoT 
device applications, the massive OCT three-dimensional data poses pressure 
on storage and transmission. Based on compressed sensing theory, combined 
with deep learning to design an end-to-end reconstruction network, high-
quality image recovery can be achieved at a sampling rate far lower than the 
Nyquist sampling rate, significantly reducing the amount of original data (as 
shown in Figure 18)[70]. In addition, using generative adversarial networks 
for image super-resolution reconstruction or quality enhancement can also be 
regarded as an “intelligent compression” and reconstruction process to recover 
high-fidelity content from low-quality, low-information data[71]. Combining 
excellent transform domains such as dual-tree complex wavelet transform 
with dictionary learning also provides an effective way to obtain high-quality 
reconstruction under the compressed sensing framework (as shown in Figure 
19)[72].

3.2. Core Bottlenecks and Future Breakthrough Paths of OCT 
Image Processing
Although existing OCT image processing algorithms have achieved the 
paradigm shift from model-driven to data-driven through deep learning, and 
have made leapfrog development in speckle noise suppression, image super-
resolution enhancement, functional information extraction, and intelligent 
disease diagnosis, there are still four core bottlenecks restricting their clinical 
translation and large-scale application:
First, the algorithm model is disconnected from the OCT physical priors. 
Most existing algorithms directly apply general computer vision architectures 
without embedding the imaging physical laws such as the multiplicative 
coherent characteristics of speckle noise and the point spread function, 
resulting in the inability to fundamentally balance the contradiction between 
noise suppression and fine structure retention.

Second, the algorithm optimization objectives are mismatched with clinical 
diagnosis needs. Most algorithms take general indicators such as peak signal-
to-noise ratio, structural similarity, and classification accuracy as optimization 
objectives, and are not deeply bound to the gold standard of clinical diagnosis. 
Denoising may change the characteristics of lesions and interfere with doctors’ 
judgment, and classification models cannot provide diagnostic basis in line 
with clinical specifications.
Third, the generalization ability of the model is seriously insufficient and the 
cost of data annotation is high. The algorithm performance is highly dependent 
on single-center, single-device datasets, with a serious “domain shift” 
problem. Rare disease samples form a “long-tailed distribution”, while the cost 
of fine-grained annotation is extremely high, resulting in a sharp contradiction 
between annotation requirements and data acquisition.
Fourth, algorithm research is separated from hardware system design, resulting 
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Figure 19. Comparison of reconstructed images based on complex wavelet 
transform, illustrating the effect of transform-domain sparse reconstruction 
on OCT image quality. Adapted from Ref. [72]

in seriously insufficient software-hardware collaboration. Algorithms try to 
make up for the inherent defects of hardware but cannot completely reverse 
them, and hardware design does not incorporate algorithm requirements, 
resulting in the inability to provide high-quality raw data for algorithms, 
forming a development dilemma of “separate hardware and algorithm”.
In view of the above core bottlenecks, combined with the development 
trend of artificial intelligence and medical imaging technology, the essential 
breakthrough of OCT image processing algorithms can be achieved through 
four core paths in the future:
First, by embedding imaging physical priors to construct a physically 
interpretable algorithm model, we can construct a differentiable optical 
simulator with optical system parameters, realize end-to-end physical 
consistency constraints between network output and interference spectrum, 
and make the algorithm shift from “data black-box fitting” to “physically 
consistent and interpretable modeling”.
Second, by anchoring clinical diagnosis needs to construct interpretable and 
regulable clinical-grade algorithms[73], we can embed clinical diagnostic 
guidelines and quantitative criteria for lesions into the model training and 
evaluation system, and combine large language models to realize the automatic 
generation from OCT image analysis to clinical diagnosis reports.
Third, by breaking through the data dependency bottleneck to construct a few-
shot and high-generalization learning paradigm, we can learn general feature 
representations through self-supervised pre-training, use cross-individual 
meta-learning to improve the adaptability to rare diseases, enhance cross-
domain generalization ability through federated learning, and realize the 
unification of multi-device image styles combined with domain adaptation[74].
Fourth, by realizing full-link software-hardware collaboration to construct 
an intelligent system with a closed loop of “imaging-analysis”, we can 
incorporate algorithm requirements in the hardware design stage, and deeply 

embed algorithms into the hardware acquisition process at the same time, 
driving the hardware to realize adaptive scanning and parameter adjustment 
through real-time feedback, forming a two-way closed loop of “intelligent 
imaging driven by diagnosis needs” and “parameter optimization driven by 
imaging quality”.

4. Summary and Outlook

4.1. In-depth Integration of the Technological Development 
Context
At the hardware level, OCT technology has completed a fundamental 
transformation from the time domain to the Fourier domain. Through the 
continuous iteration of light sources, spectrometers, scanning mechanisms and 
integrated architectures, it has achieved an order-of-magnitude improvement 
in core indicators such as imaging speed, resolution, imaging depth and 
sensitivity. It has developed from a laboratory prototype device to a high-
end medical device routinely used in clinical practice, and its application 
boundary has expanded from ophthalmology to multiple clinical disciplines 
and industrial cross-cutting fields. However, existing technologies have always 
been unable to break the inherent physical contradiction between resolution 
and imaging depth under the classical optical framework, and at the same time 
face the core bottlenecks that high performance is difficult to balance with 
miniaturization, low cost and clinical adaptability, as well as new challenges 
such as motion compensation for dynamic imaging, energy efficiency and 
thermal safety.
At the algorithm level, OCT image processing technology has completed the 
paradigm shift from classical model-driven to deep learning data-driven. From 
the initial basic preprocessing such as image denoising and enhancement, 
it has developed into a full-chain technical system including functional 
information extraction, intelligent segmentation and diagnosis, and efficient 
reconstruction. It not only makes up for the inherent defects of the hardware 
system, but also greatly expands the functional boundary and application 
value of OCT technology. However, existing algorithms still face the core pain 
points of disconnection from physical priors, mismatch with clinical needs, 
insufficient generalization ability, and lack of software-hardware collaboration, 
making it difficult to translate excellent laboratory performance into stable 
clinical practical value.
The two core arguments proposed in this paper accurately anchor the two core 
contradictions in the development of OCT technology, and also point out the 
core direction of future technological breakthroughs: only by realizing the 
principled innovation of the hardware system and the clinical-oriented reform 
of the algorithm system, and promoting the deep collaboration between the 
two, can we achieve the essential leap of OCT technology from “performance 
indicator iteration” to “clinical value implementation”.

4.2. Future Trends and Core Challenges
For the future, OCT technology will further evolve along the core direction of 
“principle innovation, scenario customization, intelligent integration, inclusive 
popularization”. First, new physical principles and new photonic devices 
will promote revolutionary breakthroughs in core performance. Cutting-edge 
technologies such as metasurface optics, quantum light sources, and integrated 
photonics are expected to fundamentally break the inherent limitation 
between resolution and imaging depth under the classical optical framework. 
The chip-level integrated “on-chip OCT” system will achieve an order-of-
magnitude reduction in equipment volume and cost, laying the foundation 
for the popularization of the technology. Second, scenario customization will 
become the core logic of OCT system design, getting rid of the traditional 
path of “indiscriminately pursuing the ultimate indicators”. For the core 
needs of different scenarios such as ophthalmology, cardiovascular, digestive 
tract, primary healthcare, and industrial testing, the hardware architecture 
and algorithm system are customized to achieve precise matching between 
technical indicators and clinical needs. Third, artificial intelligence will realize 
the deep embedding of the whole OCT process, and its role extends from 
back-end image analysis to mid-end real-time image processing and front-
end intelligent scanning control. Through the physically interpretable AI 
algorithm embedded with physical priors, a fully automated closed loop from 
image acquisition, quality optimization to intelligent diagnosis is constructed. 
In addition, multi-modal fusion will realize panoramic analysis of multi-
dimensional physiological and pathological information. The deep integration 
of OCT with photoacoustic imaging, fluorescence imaging, ultrasound 
imaging, Raman spectroscopy and other technologies can simultaneously 
obtain multi-dimensional information such as structure, blood flow, 
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oxygenation, metabolism, biomechanics, and molecular characteristics at the 
system and probe levels, providing an unprecedented panoramic perspective 
for early diagnosis and precise treatment of diseases. Finally, technical 
standardization and open science will promote the healthy development of 
the industry. Establish unified standards covering image quality standards, 
algorithm performance evaluation benchmarks, data formats and interfaces, 
build large-scale, multi-center, high-quality public datasets, and strengthen 
prospective multi-center clinical research, laying a solid foundation for 
the standardized clinical translation and large-scale popularization of OCT 
technology with high-level evidence-based medical evidence.

4.3. Conclusion
After more than 30 years of development, optical coherence tomography has 
become a core technology in the field of biomedical imaging and industrial 
non-destructive testing, showing strong interdisciplinary characteristics and 
application potential. At present, OCT technology is at a critical turning point 
from “laboratory performance iteration” to “clinical value implementation”, 
and from “qualitative structural imaging” to “quantitative functional 
diagnosis”. Focusing on the two core dimensions of system hardware 
construction and image processing algorithms, this paper sorts out the research 
progress of the technology, analyzes the unsolved core bottlenecks, and puts 
forward the future breakthrough paths. For the future, only by adhering to the 
original innovation of basic research, taking the unmet clinical and industrial 
needs as the guidance, promoting the deep collaboration of hardware and 
algorithms, and the interdisciplinary integration of multiple disciplines, can 
we fully release the potential of OCT technology and make it play a greater 
value in protecting human health, exploring the mysteries of life, and ensuring 
industrial quality.
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