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Image classification of gastric precancerous lesions based on convolutional neural network

ZHANG Yu, ZHAO Yifeng, SU Zhuobin, YANG Yongjiang
Department of Gastrointestinal Tumor Surgery, the First Affiliated Hospital of Hebei North University, Zhangjiakou 075000, China

Abstract: By building a model that can classify gastric precancerous lesions in a systematic and intelligent way, doctors can
find sensitive points and precancerous polyps. An improved AlexNet architecture and techniques such as data enhancement,
Gaussian noise, L2 weight decay and ReLU are used for training the convolutional neural network model; and the
performance of the proposed model is evaluated by analyzing its precision, loss value and confusion matrix. The proposed
model is tested on 3 677 images of gastric diseases such as erosion, polyps and ulcers, and the results show that the
classification accuracy of the proposed model reaches 89%.
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Table 1 Common models using manual features

Ik o] 25 A5 HER /%
CNN LeNet 67.00
CNN AlexNet 71.00
CNN TN ZRHY AlexNet 76.00
CNN VGG 78.00
CNN M-MCN 1 VGG-16 90.58
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Table 2 Common models using convolutional neural networks

DIRES FHIE HEGH /%
MLP ART 86.10
MLP-SVM Histogram 70.50
KNN-SVM Histogram-texture 95.27
SVM LBP-LLE 97.00
Weak KNN Texture, edge, color, HMM 83.30
Boosted SVM Texture, edge, color, HMM 90.00
SVM LBP-LDA 91.43
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Figure 1 Architecture of the proposed CNN model
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Loss = 3 -log(P(/|X;; (W,0))) (1)
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Table 3 Effects of different L2 regularization coefficients on

classification accuracy, loss value and time consumed
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Figure 2 Effects of different L2 regularization coefficients on classification accuracy
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Figure 3 Effects of different learning rates on classification accuracy
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Table 4 Effects of different basic learning rates on classification

accuracy, loss value and time consumed
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Table 5 Effects of different Gaussian noise

standard deviations on classification accuracy,

loss value and time consumed
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Figure 4 Effects of different Gaussian noise

parameters on classification accuracy

def step_decay(epoch):
initial_lrate = 0.001
drop = 0.1
epochs_drop = 200
lrate = initial_lrate * math.pow(drop,
math.floor((1l+epoch)/epochs_drop))
return lrate
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Figure 5 Defined step decay function
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Table 6 Effects of different drop parameters on classification

accuracy and loss value and time consumed
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Table 7 Effects of number of iterations for retraining model on

classification accuracy, loss value and time consumed
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Figure 7 Retraining algorithm

e, BT T CNN B RE ARS8, AT LA S A i X
ANV 0 78 R HEAT 7326 o AR S et
CNN Z g F-fil Kl 484 5t W P MRS {EL 3 i 55 B R
Y2k CNN LR, 5 38 1R 458 (BRI TR V8 R P 55
PERESEAR , LR 1A SCHR Ok A

(&% 30Hk]

[1] GUIMARAES P, KELLER A, FEHLMANN T, et al. Deep-learning
based detection of gastric precancerous conditions| J]. Gut, 2020, 69
(1): 4-6.

[2] SHAMIM M, SADATULLAH S, MOHAMMAD S, et al. Automated
detection of oral pre-cancerous tongue lesions using deep learning for
early diagnosis of oral cavity cancer[J]. Comput J, 2020, 65(1):
91-104.

[3] GUO L, XIAO X, WU C, et al. Real-time automated diagnosis of
precancerous lesions and early esophageal squamous cell carcinoma
using a deep learning model (with videos)[J]. Gastrointest Endosc,
2020, 91(1): 41-51.

[4] FUQ, CHENY, LI Z, et al. A deep learning algorithm for detection
of oral cavity squamous cell carcinoma from photographic images: a
retrospective study[J]. Clin Med, 2020, 27: 100558.

[5] ZHANGY, LIL, GU J, et al. Cervical precancerous lesion detection
based on deep learning of colposcopy images[J]. J Med Imaging
Health Inform, 2020, 10(5): 1234-1241.

[6] ZHANG X, HU W, CHEN F, et al. Gastric precancerous diseases
classification using CNN with a concise model[ J]. PLoS One, 2017,
12(9): e0185508.

[7] VIBHA L, HARSHAVARDHAN G M, PRANAW K, et al. Lesion
detection using segmentation and classification of mammograms| C ]//
Conference on lasted International Multi-conference: Artificial
Intelligence & Applications. ACTA Press, 2007: 342-347.

[8] RAAB,AM A, AS C, et al. Glandular structure-guided classification
of microscopic colorectal images using deep learning[J]. Comput
Electr Eng, 2019, 85: 106450.

[9] BHATT J, JOSHI M, SHARMA M. Early detection of lung cancer
from CT images: nodule segmentation and classification using deep
learning [ C]//Tenth International Conference on Machine Vision.
2018: 29.

[10] #iR, TRAR, Bantly, & . K Tl R 33B 00 § & if SRR [T].
E 5 4h 32 5 2 &, 2019, 36(9): 1095-1102.

YANG R, CHEN Y, GAO H M, et al. Study on screening model of
gastric cancer based on clinical data[ J]. Chinese Journal of Medical
Physics, 2019, 36(9): 1095-1102.

[11] LI L, KANG D, FENG G, et al. Label-free assessment of premalignant
gastric lesions using multimodal nonlinear optical microscopy[J].
IEEE J Sel Top Quantum Electron, 2018, 25(1): 1-6.

[12] ZHANG Y, WU X, ZHANG C, et al. Dissecting expression profiles
of gastric precancerous lesions and early gastric cancer to explore
crucial molecules in intestinal-type gastric cancer tumorigenesis[J].
J Pathol, 2020, 251(2): 135-146.

[13] HU H Y, ZHENG W F, ZHANG X S, et al. Content-based gastric
image retrieval using convolutional neural networks[ J|. Int J Imaging
Syst Technol, 2021, 31(1): 439-449.

[14] WANG N, CHANG L L. The potential function of IKKo. in gastric
precancerous lesion via mediating maspin[ J . Tissue Cell, 2020, 65:
101349.

[15] HUANG R J, PARK S, SHEN J, et al. Pepsinogens and gastrin
demonstrate low discrimination for gastric precancerous lesions in a
multi-ethnic United States cohort[J]. Clin Gastroenterol Hepatol,
2021. DOI: 10.1016/j.cgh.2021.01.009.

[16] WANG S, KUANG J, LI G, et al. Gastric precancerous lesions present
in ApcMin/* mice[ J]. Biomed Pharmacother, 2020, 121: 109534.

[17] CHEN X, DALY K, ZHANG Y Z, et al. Efficacy of traditional Chinese
medicine for gastric precancerous lesion: a meta-analysis of
randomized controlled trials[ J]. Complement Ther Clin Pract, 2020,
38:101075.

[18] ZHANG LY, ZHANG J, LI D, et al. Bile reflux is an independent risk
factor for precancerous gastric lesions and gastric cancer: an
observational cross-sectional study [J]. J Dig Dis, 2021, 22(5):
282-290.

[19] CAI T, ZHANG C, ZENG X, et al. Protective effects of Weipixiao
decoction against MNNG-induced gastric precancerous lesions in rats
[J]. Biomed Pharmacother, 2019, 120: 109427.

[20] LAGE J, UEDO N, DINIS-RIBEIRO M, et al. Surveillance of patients
with gastric precancerous conditions [J]. Best Pract Res Clin
Gastroenterol, 2016, 30(6): 913-922.

[21] RESENDE C, GOMES C P, MACHADO J C. Review: gastric cancer:
basic aspects[ J ]. Helicobacter, 2020, Suppl 1: €12739. DOI: 10.1111/

hel.12739.



