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Abstract

With the continuous improvement of people’s living standards and the continuous improvement
of medical care, people are paying more and more attention to their own physical health. As one of
the common malignant tumors, colorectal cancer has attracted more and more medical attention.
Among them, colorectal polyps are the early lesions of colorectal cancer, and its early diagnosis
and detection is an effective way to prevent colorectal cancer, reduce the morbidity of patients,
and increase the mortality rate. Aiming at the problem of colorectal detection, and with the rise of
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deep neural networks, computer-aided physicians in the detection of colorectal polyps have re-
ceived more and more attention. Therefore, this study takes colorectal polyps as the main research
object, and analyzes and compares mainstream target detection algorithms. Analyzed and com-
pared and proposed a higher-precision detection model, which can effectively improve the accura-
cy of colorectal polyps, improve the detection efficiency of physicians, and reduce the difficulty of
detection.
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&5 T S5 R FR T 2 45 L s i P A 2 30 4 5t 810 I s i S P 5 PRI AR P DL B /N B, HLE SR AR AL,
N4k E e R R R RE R AR (1] 45 B e AE N i DL i iR 2 —, #% 2020 45(GLOBOCAN2020)
TH: FH g RE B S M LA (TARC) BT 2 A 1) A BRI IE IR GE it 40 M, 4tk 5 45 L Mo () 6 12393 191 R 38 99 161 4
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Figure 1. Artificial neural network simulation diagram
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2.1.2. ERHEREITICEA

LRI ZE I 4% (Convolutional Neural Networks, Bl CNN)J&E TR &4 M i H A — N3, iR
IR LG R BRI . CNN 2 —FhadE— RIVERITHRE#IE, — IR CNN Mg hE TEHE.
BOE R WAL)JE DR R B Y, T A IR FE T 5 1 (BP Z548) I N AP ss, H 24
ECECIRAT B — PR BE 5 2] 7%, Hoa iz N T B RE SR B DL R R AE SR BT T, AETHEH LA 5 8
BN HICAZ
2.1.3. BfNEEREIR

H b5l (Object Detection), A HFRFEEL, AN ZE R A M4 UG ISR A, HZE KRBT 1
Waorak, EXEOGBIPREATAER E A, S5 HE T AL BoR . BN — MG IR, Bis
Hor I 2 JE T UG T LT RFAE IR, T B4 BL(One stage) H A S92 AT B B (Two stage) H Fwar il 532 2 9
BT CNN B B bt v, Hod g (B R SRR O HM sl iz F JC Tz .
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FCOS fEN—Fl i B 2%, AR —B 268 BRI 4 . A T2 — Rl TR &7 8
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Figure 2. Artificial neural network simulation diagram
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Table 1. Comparison of three basic models
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Figure 3. Comparison of different feature extraction network

B 3. TREIFHEREMLEXTEE

DOI: 10.12677/s€a.2022.113051 492 B TR N


https://doi.org/10.12677/sea.2022.113051

Ao

5. £5RIB

PR B 2 A b, 45 B S AR AR HE 28— e R MR BRI ) /AT, i o SR L el B A ) T AR

I BRI AL R o[RS RUONIR BB AR 22 R 2 AE T LA SE A D, A SOk IR 6 AR W 48 J s T 7
TIUR TR B ARSI Sk, 10 45 BRI B, ARSI B TE X b 1 S BORHIAS AR AT — i Bose:
DR ZE 5, FFAERLI0 — B BOKS IR Y ) S fify_ b oS0t HARAESR HUA 45, f UM T AR BE L A Rl
MIRFESRIUN S, TEZUCRIRSE, MR20%EHE ResNeStS0 14 B HARRIMIEAY faster renn HURFAESEHT
W2, SN T SRR RS S

SE

(1]
(2]
(3]
(4]

(3]

(6]

(7]

[9]

[10]

[11]

[12]

[13]

AR, &5 B S P RRAIE A 6T 7 sCRIBIE SR [D]: (-2 i8], it REEERER, 2013,

T, WIRAT R = E 45 B m R iaIN]. {2 Rk, 2021-02-10(006).

DRk, 45 M JE P RO BEAS AE AR AR AR S SE B R R AT 7T [D]: [ 2260830, e #iiKeE, 2016.

Misawa, M., Kudo, S.E., Mori, Y., et al. (2018) Artificial Intelligence-Assisted Polyp Detection for Colonoscopy: Ini-
tial Experience. Gastroenterology, 154, 2027-2029. https://doi.org/10.1053/j.gastro.2018.04.003

BResme, X, JEE4E, HEFRE, BRE ETIRERRD CT RS B B RRIRTFT[T]. 18 BH3E TR 4Rk (H
SRBIEEAR), 2022, 32(1): 68-74.

TR, RO, TEE AL BRER, KIRE, FE, TN 5T YOLO Hi%M ResNet ¥ 5 B ML M 4%
25 B S AT Hh AR TE AL N B E, 2020, 37(8): 584-590.

FNE AR, EBEIE. Faster R-CNN B8 S PRI, 74 22 M B K 22 224, 2020, 25(2): 29-34.

AR, EIH, XFH. BRRE IR R LR [Cl/h E VL P a2 BN 22, B oE SR - )
2% L FH 734 2020 458 DU Ja I B BOR 5 S FHAE S S0 8. T ETHSEHLA i S R 7 2 BTk
RS B IR S LA H A S5 =, 2020: 6.

Redmon, J. and Farhadi, A. (2018) YOLOvV3: An Incremental Improvement. ar Xiv:1804.02767.

Tian, Z., Shen, C., Chen, H., et al. (2020) FCOS: Fully Convolutional One-Stage Object Detection. 2019 IEEE/CVF In-
ternational Conference on Computer Vision (ICCV), Seoul, 27 October 2019 - 02 November 2019, 9626-9635.
https://doi.org/10.1109/ICCV.2019.00972

XIH, BEIE, BK, R—AE. 2T Faster RCNN HIE 24375 HARKII[I]. SR ER R FH, 2022, 39(2): 112-113.
https://doi.org/10.19339/].issn.1674-2583.2022.02.039

Lin, T.Y., Maire, M., Belongie, S., ef al. (2014) Microsoft COCO: Common Objects in Context. European Conference
on Computer Vision. Springer International Publishing, New York. https://doi.org/10.1007/978-3-319-10602-1_48

He, K., Zhang, X., Ren, S., et al. (2016) Deep Residual Learning for Image Recognition. Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition, Las Vegas, 27-30 June 2016, 770-778.
https://doi.org/10.1109/CVPR.2016.90

DOI: 10.12677/s€a.2022.113051 493 B TR N


https://doi.org/10.12677/sea.2022.113051
https://doi.org/10.1053/j.gastro.2018.04.003
https://doi.org/10.1109/ICCV.2019.00972
https://doi.org/10.19339/j.issn.1674-2583.2022.02.039
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1109/CVPR.2016.90

	基于神经网络的结直肠息肉检测
	摘  要
	关键词
	Colorectal Polyp Detection Based on Neural Network
	Abstract
	Keywords
	1. 引言
	2. 基于卷积神经网络的息肉检测算法研究
	2.1. 神经网络基础概述
	2.1.1. 神经网络概述
	2.1.2. 卷积神经网络理论基础
	2.1.3. 目标检测算法理论

	2.2. YOLOv3与FCOS目标检测算法研究
	2.3. Faster-RCNN目标检测算法研究

	3. 基于RCNN的结直肠息肉实验设计
	3.1. 实验设计前期准备
	3.1.1. 结直肠息肉网络迁移学习
	3.1.2. 结直肠影像数据集获取与构建

	3.2. 模型评价指标设计
	3.3. 实验设计
	3.3.1. 特征提取网络的选择
	3.3.2. 实验模型设计与训练


	4. 实验结果与分析
	5. 结束语
	参考文献

