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ABSTRACT

Even in recent years, treatment of first-aid patients is still offen delayed due to a shorfage of medical resources in marginalized
areas. Research on automating the analysis of medical data to solve the problems of inaccessibility for medical services and shortage
of medical personnel is ongoing. Computer vision-based medical inspection automation requires a lot of cost in data collection and
labeling for fraining purposes. These problems stand out in the works of classifying lesion that are rare, or pathological features and
pathogenesis that are difficult to clearly define visually. Anomaly detection is attracting as a method that can significantly reduce the
cost of data collection by adopting an unsupervised learning strafegy. In this paper, we propose methods for detecting abnormal
images on chest X-RAY images as follows based on existing anomaly detection techniques. (1) Normalize the brightness range of
medical images resampled as optimal resolution. (2) Some feature vectors with high representative power are selected in set of patch
features extracted as infermediate-level from lesion-free images. (3) Measure the difference from the feature vectors of lesion-free data
selected based on the nearest neighbor search algorithm. The proposed system can simultaneously perform anomaly classification and
localization for each image. In this paper, the anomaly detfection performance of the proposed system for chest X-RAY images of PA
projection is measured and presented by detailed conditions. We demonstrate effect of anomaly detection for medical images by
showing 0.705 classification AUROC for random subset extracted from the PadChest dataset. The proposed system can be usefully used
to improve the clinical diagnosis workflow of medical institutions, and can effectively support early diagnosis in medically poor areq.
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(Figure 1) Overall System Architecture Diagram for Anomaly Detection of Chest X-RAY Images
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(Table 4) Composition of chest X-RAY experimental
dataset extracted from PadChest

HlolHAE F& A% v
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(Table 5) A list of disease name keywords applied
to extract labels from diagnosis history

7|9E
'COPD’, ‘pneumonia’, ‘insufficiency’, ‘edema’,
"fibrosis’, ‘emphysema’, "tuberculosis’, ‘sequelae’,
‘radiotherapy’, ‘pneumonia’, 'metastasis’,
'asbestosis’, ‘lymphangitis’, ‘carcinomatosa’,
"hypertension’, ‘lepidic’, ‘adenocarcinoma’
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(X 6) k-Center-Greedy 72| &=rof| 2 M= H|w
(Table 6) Comparison of Performance according
to Distance Function of k-Center-Greedy

metric AUROC

cosine 0.611
euclidean 0.697
manhattan 0.682

System Model Metric Sampling Ratio | Input Size CLAHE Score Norm AUROC
PatchCore | Wide-ResNet-50 | euclidean 0.001 224 No normalized -
et QlE|Hl HE 3| (23733) 4
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(Table 7) Comparison of Performance according
to Coreset Sampling Ratio

Sampling Ratio AUROC
0.001 0.697
0.0005 0.637
0.0001 0.598

(£ 8) 2 o[o|x| sfiatzof wE Ms H|w
(Table 8) Comparison of Performance according
to Input Image Resolution

Input Size AUROC
(224, 224) 0.697
(448, 448) 0.705
(896, 896) 0.684

(% 9) CLAHE ¥ &= M3t M3l e Ms H|w

(Table 9) Comparison of Performance according
to Adaptation of CLAHE & Score
Normalization

CLAHE Score Norm AUROC
No No 0.680
Yes No 0.689
No Yes 0.697
Yes Yes 0.703
B A= -4 k-Center-Greedy 214t A 2 A
A% 91 98 SR Adgee) Ao AgaRem,
1 ASE & 63 2k 3AE 28 2404 54 A
FrE RS 1 B2 Y5 HASE 57 W
HAd g ANFEE BUY 5 Ak THE A2Y
NHE FFEUE AL F5E AGT 9 1T B o)
B4 45E B
£78 AR 54 98 QFeIN Tl HES 45
£ 8-S WA A9 E A%s narh 49 st 7
S8 ¥ WS AYYFE G dole Rxo 3
g A 3T ) MR A5l FIES
Q1% % gtk et Agel AR dolEAE] 7
o} 99§79 AFeR Q13 0.002¢] Sampling RatioS
BoIP wE Wwe) BEow A% o] BT,

oA AMgslE B4 &2 UEYIE
Wide-ResNet-50[22] 2.2, (224, 224) 3| 3= <] ImageNet
OJEME JAoz AR FAHJT Wk 7’ ZH2
2 (224, 224) AHEE FAstH o, $3.1.1)9 H-54
P 2L LW g2 A A4S dFsieie
TEAQ ALS FHT Ak A A= 448,
48) Y= GFS dEIS o 7}2‘} 5% R
ol AL F # 8ollA FelE &

I 9% ($33)9] CLAHE 44 @TQ} ($32)9] ol¢ A
& A3 A2 £ o R wWE Y AxE Har,

H7}ol AH&-3F 2] = AUROC(Area Under ROC curve)
2, I = Al A ROC(Receiver Operating Characteristics)
FA9) sh mHE oudth 1Y 45 B Ao Al
A3l o)A} BX] A| 289 ROC FA I =E Helth

ROC Curve
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(Figure 4) ROC Curve of Proposed Anomaly
Detection System
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(Table 10) Example of Anomaly Map Prediction Aoz g9l 7hgs e sl drkAl Aes EY
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=

©] skip connection weight7}<] &-4-3te] 57 HEE
g Wetehe S Yt vk TS, 5 Xy 9
S g2 RE gl 5 J9E 2= Center Crop
2] o] obd Detect & Crop W4 &2 ¥7ste] AT Ao
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