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A Study on the Comparison of Learning Performance in Capsule
Endoscopy by Generating of PSR-Weigted Image

Changnam Lim" - Ye-Seul Park™ - Jung-Won Lee™

ABSTRACT

A capsule endoscopy is a medical device that can capture an entire digestive organ from the esophagus to the anus at one time. It
produces a vast amount of images consisted of about 8~12 hours in length and more than 50,000 frames on a single examination.
However, since the analysis of endoscopic images is performed manually by a medical imaging specialist, the automation requirements of
the analysis are increasing to assist diagnosis of the disease in the image. Among them, this study focused on automatic detection of
polyp images. A polyp is a protruding lesion that can be found in the gastrointestinal tract. In this paper, we propose a weighted-image
generation method to enhance the polyp image learning by multi-scale analysis. It is a way to extract the suspicious region of the polyp
through the multi-scale analysis and combine it with the original image to generate a weighted image, that can enhance the polyp image
learning. We experimented with SVM and RF which is one of the machine learning methods for 452 pieces of collected data. The
Fl-score of detecting the polyp with only original images was 89.3%, but when combined with the weighted images generated by the
proposed method, the Fl-score was improved to about 93.1%.
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Fig. 1. Design of Convolutional Neural Network for Polyp Detection
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Table 1. Analysis of Learning Performance for
PSR-weighted Image by SVM

data Original Images PSR-weighted Images

set Acc  |Precision| Recall Acc  |Precision| Recall
setl 0.933 0.964 0.900 1.000 1.000 1.000
set2 0.883 0.829 0.967 0.933 0.933 0.933
set3 0917 0.963 0.867 0.900 0.900 0.900
set4 0.917 0.879 0.967 0.950 0.935 0.967
setb 0.900 0.929 0.867 0.933 0.933 0.933

avg (F1 score)-Original : 0.911/PSR-weighted : 0.943
* Acc=Accuracy
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Table 2. Analysis of Learning Performance for
PSR-weighted Image by RF

RF model 1 (depth=INF)
dsaetta Original Images PSR-weighted Images
Acc |Precision| Recall Acc  |Precision| Recall
setl | 0917 0.931 0.900 0.983 1.000 0.967
set2 | 0.967 0.938 1.000 0.983 1.000 0.967
set3 | 0.800 0.737 0.933 0.950 0.966 0.933
setd | 0.850 0.889 0.800 0.950 0.935 0.967
seth | 0.817 0.744 0.967 0.800 0.750 0.900
avg (F1 score)-Original : 0.878/PSR-weighted : 0.937
RF model 2 (depth=2)
dsaetta Original Images PSR-weighted Images
Acc  |Precision| Recall Acc  |Precision| Recall
setl | 0.783 0.730 0.900 1.000 1.000 1.000
set2 | 0.900 0.833 1.000 0.933 0.882 1.000
set3 | 0.850 0.784 0.967 0.867 0.806 0.967
setd | 0.883 0.871 0.900 0.867 0.867 0.867
seth | 0.750 0.692 0.900 0.800 0.765 0.867
avg (F1 score)-Original : 0.850/PSR-weighted : 0.899
RF model 3 (depth=5)
dsaetta Original Images PSR-weighted Images
Acc  |Precision| Recall Acc  |Precision| Recall
setl | 0.983 1.000 0.967 1.000 1.000 1.000
set2 | 0.933 0.933 0.933 0.967 1.000 0.933
set3 | 0.950 0.935 0.967 0.933 0.906 0.967
setd | 0967 0.967 0.967 0.967 1.000 0.933
seth | 0.783 0.743 0.867 0.867 0.867 0.867
avg (F1 score)-Original : 0.927/PSR-weighted : 0.947
RF model 4 (depth=10)
dsaetta Original Images PSR-weighted Images
Acc  |Precision| Recall Acc  |Precision| Recall
setl | 0967 0.938 1.000 0.967 0.967 0.967
set2 | 0.867 0.867 0.867 0.983 0.968 1.000
set3 | 0.967 0.967 0.967 0.950 0.935 0.967
setd | 0.883 0.848 0.933 0.933 0.933 0.933
seth | 0.817 0.852 0.767 0.800 0.765 0.867

avg (F1 score)-Original : 0.899/PSR-weighted : 0.929
* Acc=Accuracy
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Table 3. Analysis of Learning Performance for PSR-weighted
Images as Performance of PSR

Test PSR PSR PSR Original
Case | Precision Recall Weighted F1 F1
1 0.85 0.12 0.95 0.90
2 0.84 0.15 0.94 0.92
3 0.83 0.19 0.94 0.93
4 0.82 0.22 0.94 0.91
5 0.81 0.26 0.94 0.92
6 0.80 0.30 0.94 0.90
7 0.79 0.34 0.94 0.90
8 0.77 0.38 0.94 091
9 0.76 0.42 0.93 0.89
10 0.74 0.47 0.94 0.92
11 0.72 0.52 0.94 0.90
12 0.70 0.58 0.93 0.91
13 0.67 0.63 0.94 0.92
14 0.64 0.69 0.95 0.91
15 0.60 0.75 0.94 0.91
16 0.53 0.83 0.93 0.91
17 0.52 0.84 0.94 0.93
AdEo] wopA A Hrh o] Agols Y FHe 47t
7] PSRE FE35H| Ho| A™E7t oA il Ad&o] FobA|
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6.8 E
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