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Abstract: Many recent studies have reported that the quality of input learning data was vital to the detection of
regions of interest. However, due to a lack of research on the quality of learning data on lesion detetcting using gas-
troscopy, we aimed to quantify the impact of quality difference in endoscopic images to lesion detection models using
Image Quality Assessment (IQA) algorithms. Through IQA methods such as BRISQUE (Blind/Referenceless Image
Spatial Quality Evaluation), Laplacian Score, and PSNR (Peak Signal-To-Noise) algorithm on 430 sheets of high qual-
ity data (HQD) and 430 sheets of low quality data (PQD), we showed that there were significant differences between
high and low quality images in lesion detecting through BRISQUE and Laplacian scores (p<0.05). The PSNR value
showed 10.62+1.76 dB on average, illustrating the lower lesion detection performance of PQD than HQD. In addi-
tion, F1-Score of HQD showed higher detection performance at 77.42+3.36% while F1-Score of PQD showed
66.82+9.07%. Through this study, we hope to contribute to future gastroscopy lesion detection assistance systems
that involve IQA algorithms by emphasizing the importance of using high quality data over lower quality data.
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Fig. 1. Examples of Poor Quality Data: (a) normal dark image, (b)
normal light-reflected image, (¢) abnormal blurred image,
(d) abnormal blurred and light-reflected image
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Table 1. Quality Assessment Statistics and T Test Results Using Algorithms

Group N Mean + SD (95% CI) p
PQD 430 48.86 + 18.16 (47.15~50.56)
BRISQUE <0.05
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Score HQD 430 280.44 + 230.16 (258.62~302.25) '
PSNR(dB) 860 10.62 + 1.76 (10.45~10.79) <0.05
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Table 2. Comparison table of RetinaNet's performance assessment by data quality

Precision(%) Recall(%) F1-score(%) FPPI P
PQD 92.48 + 4.98 53.80 = 11.77 66.82 +9.07 0.02 + 0.02 0.05
<0.
HQD 85.08 £ 9.57 72.14 £ 5.48 77.42 + 3.36 0.07 £ 0.06
0.8
0.7 4
0.6 0.7 4
0.5
- — 0.6 -
< 041 <
@] O
& 03 Y o5
0.2
0.4 -
0.1
0.0 . . . r . T . 0.3 . . . .
0.00 001 002 003 004 005 006 007 0.00 0.05 0.10 0.15 0.20 0.25
FPPI FPPI

(a)

(b)

T8 7. %40 2 ¥l @2 29 FROC Curve: (a) F0] £4] 952 Hlole] (b) Fo] £& tlole]
Fig. 7. Lesion Detection Model FROC Curve Based on Data Quality: (a) Poor Quality Data (b) High Quality Data
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