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Review . the application of machine learning in
intraoperative optical imaging technologies

Zhang Chong' | Wang Kun'*? | Tian Jie'***
1. Key Laboratory of Molecular Imaging, Institute of Automation, Chinese Academy of Sciences, Betjing 100190, China;
2. School of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing 100049, China;
3. Beijing Key Laboratory of Molecular Imaging, Beijing 100190, China; 4. Beihang University
Advanced Innovation Center for Big Data-Based Precision Medicine, Betjing 100083, China

Abstract: The rise of intraoperative optical imaging technologies provides a convenient and intuitive observation method for
clinical surgery. Traditional intraoperative optical imaging methods include open optical and intraoperative endoscopic ima-
ging. These methods ensure the smooth implementation of clinical surgery and promote the development of minimally inva-
sive surgery. Subsequent methods include narrow-band endoscopic, intraoperative laser confocal microscopy, and near-
infrared excited fluorescence imaging. Narrow-band endoscopic imaging uses a filter to filter out the broad-band spectrum
emitted by the endoscope light source, leaving only the narrow-band spectrum for the diagnosis of various diseases of the
digestive tract. The narrow-band spectrum is conducive to enhancing the image of the gastrointestinal mucosa vessels. In
some lesions with microvascular changes, the narrow-band imaging system has evident advantages over ordinary endoscopy

in distinguishing lesions. Narrow-band endoscopic imaging has also been widely used in the fields of otolaryngology, respir-
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atory tract, gynecological endoscopy, and laparoscopic surgery in addition to the digestive tract. Intraoperative laser confo-
cal microscopy is a new type of imaging method. It can realize superficial tissue imaging in vivo and provide pathological
information by using the principle of excited fluorescence imaging. This imaging method has high clarity due to the applica-
tion of confocal imaging and can be used for lesion positioning. Near-infrared excited fluorescence imaging uses excitation
fluorescence imaging equipment combined with corresponding fluorescent contrast agents (such as ICG (indocyanine green) ,
and methylene blue) to achieve intraoperative specific imaging of lesions, tissues, and organs in vivo. The basic principle
is to stimulate the contrast agent accumulated in the tissue, the fluorescent contrast agent emits a fluorescent signal, and
real-time imaging is realized by collecting the signals. In clinical research, the near-infrared fluorescence imaging technolo-
gy is often used for lymphatic vessel tracing and accurate tumor resection. Contrast agents have different imaging spectral
bands; hence, the corresponding near-infrared fluorescence imaging equipment is also developing to a multichannel imaging
mode to image substantial contrast agents and label multiple tissues in the same field of view specifically during surgery.
Multichannel near-infrared fluorescent surgical navigation equipment that has been gradually developed can realize simulta-
neous fluorescence imaging of multiple organs and tissues. These intraoperative optical imaging technologies can assist doc-
tors in accurately locating tumors, rapidly distinguishing between benign and malignant tissues, and detecting small lesions.
They have gained benefits in many clinical applications. However, optical imaging is susceptible to interference from ambi-
ent light, and optical signals are difficult to propagate in tissues without optical signal absorption and scattering. Intraopera-
tive optical imaging technologies have the problems of limited imaging quality and superficial tissue imaging. In clinical
research, intelligent analysis of preoperative imaging is fiercely developing, while information analysis of intraoperative ima-
ging is still lacking of powerful analytical tools and analytical methods. The study of effective intraoperative optical imaging
analysis algorithms needs further exploration. Machine learning is a tool developed with the age of computer information
technology and is expected to provide an effective solution to the abovementioned problems. With the accumulation and
explosion of data volume, deep learning, as a type of machine learning, is an end-to-end algorithm. It can gain the internal
relationship among things autonomously through network training, establish an empirical model, and realize the function of
traditional algorithms. Deep learning has shown enhanced results in the analysis and processing of natural images and is
being continuously promoted and applied to various fields. Machine learning provides powerful technical means for intelli-
gent analysis, image processing, and three-dimensional reconstruction, but the application research of using machine learn-
ing in intraoperative optical imaging is relatively few. The addition of machine learning is expected to break through the bot-
tleneck and promote the development of intraoperative optical imaging technologies. This article focuses on intraoperative
optical imaging technologies and investigates the application of machine learning in this field in recent years, including opti-
mizing intraoperative optical imaging quality, assisting intelligent analysis of intraoperative optical imaging, and promoting
three-dimensional modeling of intraoperative optical imaging. In the field of machine learning for intraoperative optical ima-
ging optimization, existing research includes target detection of specific tissues, such as soft tissue segmentation and image
fusion, and optimization of imaging effects, such as resolution enhancement of near-infrared fluorescence imaging during
surgery and intraoperative endoscopic smoke removal. Furthermore, machine learning assists doctors in performing intraop-
erative optical imaging analysis, including the identification of benign and malignant tissues and the classification of lesion
types and grades. Therefore, it can provide a timely reference value for the surgeon to judge the state of the patient during
the clinical operation and before the pathological examination. In the field of intraoperative optical imaging reconstruction,
machine learning can be combined with preoperative images (such as computed tomography and magnetic resonance ima-
ging) to assist in intraoperative soft tissue reconstruction, or it can be based on intraoperative images for three-dimensional
reconstruction. It can be used for localization, three-dimensional organ morphology reconstruction, and tracking of intraop-
erative tissues and surgical instruments. Thus, machine learning is expected to provide corresponding technical foundation
for robotic surgery and augmented reality surgery in the future. This article summarizes and analyzes the application of
machine learning in the field of intraoperative optical imaging and describes the application prospects of deep learning. As a
review, it investigates the application research of machine learning in intraoperative optical imaging mainly from three
aspects: intraoperative optical image optimization, intelligent analysis of optical imaging, and three-dimensional reconstruc-

tion. We also introduce related research and expected effects in the above fields. At the end of this article, the application
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of machine learning in the field of intraoperative optical imaging technologies is discussed, and the advantages and possible

problems of machine-learning methods are analyzed. Furthermore, this article elaborates the possible future development

direction of intraoperative optical imaging combined with machine learning, providing a broad view for subsequent research.

Key words: intraoperative optical imaging; machine learning; imaging optimization; intelligent imaging analysis;

3D modeling
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Fig.2 Deep learning for intraoperative endoscopic de-smoking( Chen et al. , 2020)

PEOCGRER E (A& 3 iR ) , L3 T AR PEOG A
TR HEAR I 5
L2 HERF IR PRZR G0

BL 2 > Bl B 2 AR AT AR R a2 R o3 A, 4
TR AL S TR S S Y 728 (X T BB AU
PRI A= 0 T2 U B2 BT B A 22 5+
P, TRBE 7 2] 7535 AT LA B W PR 1% A= il o 72 L )
W, 4 Li 45 A (2018 ) $2 5 TR B~ > i i T 2241
BHE T AR 2 T ROG LR M AN Bk
AR FR SRS AR BE = ~) 3, S X Tl 4 21

32U BeAh, Fei 55 A (2017) $ il I TEAR
2 DR T 1% T IR R A OF
TESEAE B T AR A _EIF RIS, IEW] 1 1%
JNERR AT, A B TR R TR, Halicek 5 A
(2017 ) [rJREfd A G UG HOR  BE & T —Fhde T
5 FH A 22 ) £% ( convolutional neural networks, CNN)
53284 , Al LS B SRR A0 g | FHOBR B g A
Sk IR LT 412,50 1) 8 A0 A0 I PR 45 R 3
B, S UG A IR 7 ) 1Sk R T AR B 4141
H Sl AR 75 AT T J) o Aubreville 55



$25% /51081 /2020 £ 10 B

RS, Eif, HiE / MBEFIERPHEZMERZARPIINAEHAR

(a) ARG

(b) KRR SIS
{3 RIS LA
PECIRAG 3 HE 3 55 ( Zhang 55 ,2019)
Fig.3 Deep learning for resolution enhancement of fluorescent
imaging during breast cancer surgery (Zhang et al. , 2019)

( (a)original image; (b) processed image )
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Fig.4 Deep learning for soft tissue reconstruction

(Tonutti et al. , 2017)
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