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[Abstract]

Esophagogastroduodenoscopy is a method commonly used for early diagnosis of upper gastrointestinal
lesions. However, 10-20 percent of the gastric lesions are reported to be missed, due to human error.
And countries including the US, the UK, and Japan, the World Endoscopy Organization (WEO)
suggested guidelines about essential gastrointestinal parts to take pictures of so that all gastric lesions
are observed. In this paper, we propose deep learning techniques for classification of anatomical sites,
aiming for the system that informs practitioners whether they successfully did the gastroscopy without
blind spots. The proposed model uses pre-processing modules and data augmentation techniques suitable
for gastroscopy images. Not only does the experiment result with a maximum FI score of 99.6%, but
it also shows a error rate of less than 4% based on the actual data. Given the performance results, we

found the model to be explainable with the potential to be utilized in the clinical area.
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I. Introduction
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Fig. 1.
(Cardia, Fundus, Corpus, Angulus, Antrum)

Stomach Anatomy Site

II. Preliminaries

1. Related works
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III. The Proposed Scheme

1. Data Collection
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2. ROI Extraction
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3. Deep Learning Model
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IV. Experiment

1. Dataset
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Table 2. Dataset A Configuration for Model Evaluation

o ) Class Train(N) Valid(N)
Table 1. Class Definition for Stomach Anatomy Site C 3 2
D 237 30
0 S t Cl
rgan . egmen ass E 382 5
Proximal Esophagus E1 31 270 29
Esophagus ZPI.lstaI&Engphsgus E2 S2 328 36
ne & Diahragm = S3 33 3%
Cardia and Fundus in 54 291 3
ardia and Tunaus S S5 331 34
Inversion
Corpus in Forward View 52
including Lesser Curvature Table 3. Experiment environment
Stomach - -
Corpus in Retroflex View 53
including Greater Curvature 0s Windows 10 Pro
Angulus in Partial Inversion S4 CPU Xeon W-2123
Antrum S5 GPU RTX 2080 Ti 11GB
Duodenal Bulb D1 RAM 64GB
Duodenal Second Part D2 Framework pytorch
Major Papilla D3

2. Experiment
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3. Performance Metrics

2 odo] Wyt o o2 Ret 24 23 o
ol S 3t Ads H7IXI®Q Recall, Precision, F1 44
2 APgsigitt. W7k 290 oAt FE dolel Aol
9] TR(True Positive), FP(False Positive), FN(False
Negative) 13llA  H7Fg  ZI385I9I0E. Recall-
(Sensitivity), Precision(PPV), F1 A40] $ALL Theu}

2o

TP

(True )Recall - m—



24  Journal of The Korea Society of Computer and Information

TP

TP+FP_(3)

(True)Precision =

2 X Precision X Recall (1)
Precision+ Recall

F1 Score =
4. Experiment Results & Analysis
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Table 4. Prediction Result Using Scratch Model

V. Model Validation for Clinical Area
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1. Experiment

450 AHRE 2d2 F1 AL 71E Y Vi
Efficientnet-B1_224, 448 Densenetl21_448, SE_Res
-net50_2240] 11, Ho]E= 60%2] YAt HlojEl S 7k Al
&S sit} glolel: Table 10]] AoJst ZejAQl 7 vio]
OUIXISS X2 HOJFt AR THE0] Ak g,
Table 61} ZFo] 60%oll THollAl 104 6749 1go=

Model Sensitivity PPV F1 score
(a) Resnet50_224 0.9764 0.9502 0.9631
(b) Resnet50_448 0.9665 0.9723 0.9704
(c) SE_Resnet50_224 0.9567 0.9681 0.9624
(d) SE_Resnet50_448 0.9685 0.9647 0.9666
(e) CBM_Resnet50_224 0.9724 0.9802 0.9763
(f) CBM_Resnet50_448 0.9764 0.9802 0.9783
(g) Densenet121_224 0.9921 0.9805 0.9863
(h) Densenet121_448 0.9724 0.9686 0.9705
(i) Efficientnet-B1_224 0.9764 0.9612 0.9688
(j) Efficientnet-B1_448 0.9882 0.9580 0.9729
Table 5. Prediction Result Using Pretrained Model

Model Sensitivity PPV F1 score

(a) Resnet50_224 0.9685 0.9685 0.9685
(b) Resnet50_448 0.9606 0.9760 0.9683
(c) SE_Resnet50_224 0.9724 1.0 0.9880
(d) SE_Resnet50_448 0.9724 0.9880 0.9802
(e) Densenet121_224 0.9803 0.9803 0.9803
(f) Densenet121_448 0.9764 0.9920 0.9841
(g) Efficientnet-B1_224 0.9921 0.9921 0.9921
(h) Efficientnet-B1_448 0.9961 0.9961 0.9961
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Table 6. Dataset B Configuration for Assuming
Clinical Test
Index Case N(Person, Image)

1 All 10, 357

2 No S1 10, 403

3 No S2 10, 345

4 No S3 10, 331

5 No S4 10, 319

b No S5 10, 303

Table 7. Model Definition

Model Name
A Efficientnet-B1_224
B Efficientnet-B1_448
C Densenet121_448
D SE_Resnetb0_224
2. Results
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Table 8. Result Assuming Clinical Test of Class
Probability 50%

Case Model
A B C D
All 10 10 10 10
No S1 1 3 3 2
No S2 0 0 0 2
No S3 8 4 8 6
No S4 4 4 5 5
No S5 5 4 6 6

Table 9. Result Assuming Clinical Test of Class
Probability 99%

Case Model

A B C D

All 9 9 8 9
No S1 4 3 3 6
No S2 3 2 1 3
No S3 10 8 10 10
No S4 10 7 9 9
No S5 7 6 8 8

Table 10. Result Clinical Test

Model Probability Sum Accuracy

A 50% 28 0.467

99% 43 0.717

B 50% 25 0.417

99% 35 0.583

c 50% 32 0.533

99% 39 0.65

D 50% 31 0517

99% 45 0.75

3. Results Analysis & Visualization

3.1 Model
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3.2 Model Visualization
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Fig. 6. Grad CAM
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Fig. 7. Example Misclassification Image(Top left :

X to S1, Top right : X to S2, Bottom left :

S4, Bottom right : X to S5)
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Table 11. Result Misclassification Image
Case Class N(Image) Error rate
No_S1 S1 15 0.037
No_S2 S2 9 0.026
No_S3 S3 0 0.000
No_S4 S4 1 0.003
No_S5 S5 2 0.006

3.4 Discussion
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