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Review of applications of deep learning in hysteroscopic image analysis
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Abstract: Hysteroscopy is an indispensable technique in the diagnosis and treatment of endometrial lesions. In recent years,
with the rapid development of artificial intelligence, deep learning technology has emerged as a novel approach for the in-
depth analysis of hysteroscopic images, owing to its outstanding feature extraction capabilities and efficient learning
performance on large-scale data. Through keyword retrieval, literature screening, quality assessment, and topic induction,
this study systematically summarizes the applications of deep learning techniques such as CNN, DNN, U-Net, YOLO, and
Transformer in hysteroscopic image analysis, encompassing the detection and classification of endometrial cancer,
endometrial polyps, and endometritis, the therapeutic management of uterine fibroids, and the prediction of fertility outcomes
following surgery for uterine adhesions. Additionally, the existing limitations and a prospect of the development trends

regarding deep learning-based hysteroscopic image analysis are provided, expecting to promote the further advancement in

relevant research.
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Table 1 Application of deep learning in hysteroscopic image analysis

YE# AR ERCS B4 WEBGE F14350 AUC
Takahashi %125/ 4118005k CNN fioail] 0.80 0.78
MCH:0.91  0.94
Zhao %£126] 118397k YOLOX+GN+VAFA il
TJH:0.88 0.83
Kitaya 45:127) 84435k VGGNet-16 Tz 0.93 0.91 0.93
Zhang %5281 185175k VGGNet-16 P 0.81 0.87 0.94
Raimondo %29 150075k ResNet50 S 0.87 0.80
EfficientNet-BO 0.93 0.98
H s AE0] 47815k o3
ResNetl8 0.84 0.98
Torok 2z 51 6288 7K FCNN I3 Hl 0.86
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Figure 1 Evolution and task expansion of deep learning models

applied to hysteroscopic image analysis from 2018 to 2024
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