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Conparison of Tiaining Performance According to RetinalNet-based Backbone Network for Development of Autontic Gustric Lesion Detection Model in Gastroscopy Images

Abstract

Gastric cancer occurs mostly in Asian countries such as Korea and Japan. Gastroscopy allows diagnosis
and treatment of gastric cancer at the same time, and the probability of successful treatment is very high at
early detection. However, due to the nature of the inspection which progresses in real time, proficiency and
experience of the clinician affect the results, and the accuracy of the inspectioncan decrease due to
increased work fatigue and decreased concentration. In this study, we developed a model that automatically
detects the regions of gastric lesion in gastroscopic images using the RetinaNet network so that it can be
used as an auxiliary system during gastroscopy. We confirmed the detection performance of models trained
using ResNet50, ResNet152, EfficientNetB0, and EfficientNetB4 networks in a RetinaNet-based backbone
network, and compared the performance between each model. The average sensitivities (FP/images) of
RetinaNet-based backbone network-models were 73.72% (0.0489) for ResNet50, 78.26% (0.0458) for
ResNet152, 79.67% (0.3268) for EfficinetNetB0, and 79.67% (0.3268) for EfficientNetB4. The
EfficientNetBO network showed the highest sensitivity, but the FP/images were very high, so the network
satisfying both performance values was ResNet152.

Keyword : Gastroscopy image, gastric lesion, detection, deep learning, RetinaNet
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[Fig. 1] Example of data labeling for gastric lesions and video regions in gastroscopy images
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[Fig. 2] RetinaNet model architecture used for deep learning
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[Table 1] Configuration of training and test data sets for each fold configured for 4 fold cross-validation

Train Test Total
S EEE TR TR T
Fold 1 692 7,053 231 2,447 923 9,500
Fold 2 692 7,202 231 2,298 923 9,500
Fold 3 692 7,041 231 2,459 923 9,500
Fold 4 693 7,204 230 2,296 923 9,500
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[Table 2] Cross-validation results of model learning performance for RetinaNet-based backbone network
TP FN FP Sensitivity (%) FP/images

Fold 1 864 290 98 74.87 0.0392

ResNet50 Fold 2 744 440 60 62.84 0.0251

Fold 3 853 233 149 78.55 0.0632

Fold 4 834 227 153 78.61 0.0679

Total/Average 3295 1190 460 73.72 0.0489

Fold 1 889 265 79 77.04 0.0316

ResNetl52 Fold 2 948 236 149 80.07 0.0623

Fold 3 856 230 87 78.82 0.0369

Fold 4 818 243 118 77.10 0.0524

Total/Average 3511 974 433 78.26 0.0458

Fold 1 915 239 347 79.29 0.1388

Fold 2 888 216 418 80.43 0.1819

EfficientNetB0

Fold 3 849 237 520 78.18 0.2206

Fold 4 857 204 651 80.77 0.2891

Total/Average 3509 896 1936 79.67 0.3268

EfficientNetB4 Fold 1 688 466 77 59.62 0.0308
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Fold 2 683 501 82 57.69 0.0343
Fold 3 706 380 92 65.01 0.0390
Fold 4 725 336 169 68.33 0.0750
Total/Average 2802 1683 420 62.66 0.0448

RetinaNet 7|8t backbone L|EHIAY 2SO HF WAAT M52 ResNet50 73.72%,
ResNet152 78.26%, EfficinetNetB0 79.67%, EfficientNetB4 62.66%2| BRIZEZE HIAOMH (.0489

(ResNets0), 0.0458 (ResNetl52), 03268 (EfficientNetB0), 00448 (EfficientNetB4)2] FP/imagesS &
Ch BHE 52 7|52 SIS [ EfficientNetB0 222 backbone2E A3t ot&

7b 7bE A HERteU OE ks 20| B[S FPimages?t =4 UERGCH THEQb FP/images

M=
ococ=

51
EFSICE [A8 312 EfficientNetB0 IEYAE A AE stEREO| 0%

(A3 3] /ILHAIE SEoIMef 9| HH Xts HE SkEEE o5 Z1t OlA| (backbone : EfficientNetB0, &5 :
Ground Truth, 82 . 2 0= ZAuh
Fig. 3] Example of prediction results of the training model for automatic gastric lesion detection in gastroscopic
g p p

images (backbone: EfficientNetBO, green: Ground Truth, red: model prediction results)
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