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Abstract: Unsupervised anomaly detection technology enabled the identification of out-of-distribution anomalous
samples using only normal samples for training. Thus, it could be applied in the field of medical imaging for automated
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rare diseases. Research progress on unsupervised anomaly detection in medical imaging. First, existing anomaly detec-
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NS RYERE . TRIEHRE E LR 2 PR,
T2 RIFERTUNERMESTARESE AR EEEME
B TR IEH TR A Sk
HSZIE WA BERAME (TP) AT (FND
S REAEA BEAYE (FP) R (TND

L2 EPHME (true positive, TP) 5 E 525
W FEAAY AR O e 8 B, AR T )
FIREI s B FHME (false positive, FP) 8 B SZIE ¥ Ff
AREREARNR AN Fw R, BRI S E: R
(true negative, TN) 5 3 5 1F 5 A A B 455 70 1F 4 11
Wi IEE R, A 7RI RE Js T
BH M (false negative, FN) I $i B 52 53 FF A ¢
BERR A FONIE R R, BRI EA] . XLk
it & 2 BRI e bs )T E S AR A
W, WP TR bR 3 B

1) #Eff%  (accuracy, ACC)

Bl IEff 7 R R LU, 2RE it TR
srtERe, HitEAN

TP + TN
ACC_TP+TN+FP+FN (M

2) K5 (precision, PRE)
TR A S 5 R A B S b, T
AR R IR RE T, s

TP
" TP + FP )

PRE

3) K¢t E (specificity, SPE)

TR A E R AS O LSRR L], R4
TRV R Sl e T, Hoat B

TN
SPE =N+ PP

4) AFIZ (recall)

ZFEAR R REPE (sensitivity, SEND . FFH 4
% (true positive rate, TPR), $87EFT A H 1E K FH
Cr) R, R Rl Th 0l tH ke i sl
T EA AR R AR R 7, HatE AN

TP
TP + FN )

5) AR E BEAERFIE (receiver operating charac-
teristic, ROC) [l 2& *) it & F [ A (area under the
curve, AUC)

ROC Ml 28 & — 2k i 2 — 7y R AE Fir 5 Al R
oy RRE N PERER 2, HWHN TPR, HiHLN
fEBH % (false positive rate, FPR), A 4k Hh fE R
T R RME A VT RE R 43 S BE T B PR RE AT
HA FPRIFH N

FPR =

)

SEN =

FP
FP + TN )

AUC K FE ROC H £ T A TR, H B B K
ELIR TR B AR R RE, AUCEBIEE T 1R
R [X 7 I AROREAS R BE B o 72 S W A U o
AUC R H AN 52 IR 38 £ AN S AT 520 (1R
ROV PR RE A% o 4R b, T RO

AUC = flTPR(FPR)d(FPR) (6)

6) F1 /344 (F1-Score)

F1-Score 4 PRE Fl SEN fE A5 (1 FI-F 444, H
T LA M EIXIEENS, JCHGE T PPl IE ke A
ECA v AP I — o R I,

Precision x Recall

FI=2x Precision + Recall

7) Dice 3

Dice R #e — M H T & W N S AHBUE R 4
THEPR, AR K UAD AE 55 7] K I Z 4R bR ok fi B
RUTHUI L B0 e 5 DX 3 LS R X [P R R
S, REWERNEHERIEMTE. AR ER
FRIRe 1, HitEAA

2PN G 2TP,,

" |P[+]G|  2TP, +FP_+FN__ ®)
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S R O v N P 5 i R = T R E AT TR W vl GRE =R v
REBMETC R AUC, AR VPAS () 2 P 1 A F2
. HIR, EXARZERNES, F e
SR = A S s

1EEUR G R, A5 F5 6 B gk R AR
R ATAE ST H AW & XA [ BLES () SRR
T KA FE R R BIP FE AR . 0Tkt
g R AR, KRR R
53 B0 RE B L e WA A R AR s TR Rk B
BE MRS, I BUR R M 5 o B R e,
DA $2 BEME HR B ml 5 1 X 3. R A AL PR AL B B
AUC BRI H X BRI Pl ABUR T 2%, H
(EREIR(ESNERINOES S ol RE: e =2 1 o Woa- g
TEIESAEA L Bk BE B2 E 0, JTHEH T
A S X SIRI2 5. A, RRA Y
5] 22 2H A 3 A B T BRI A AR R AR S R i 2 [A]
AIAAET , 3 P T %0 Al BH A 25 2 B 284 ) I PR ]
1%

EB R R EUES T, PTG RN
ARG RAL. FRRH BB EMR 48 RS, Dice
ZEFZZ HEEL Cintersection over union, IoU) %
1R Rt & 5 XIRE S E R I, R H
WLz B ASE R 6 k30 S B A e o AE R KL
MBS (WOCT 5 MRD H1, Dice &1
T JR iR 25 O BUR G 7R R XIEROR . TR
MIFHESS CnX6sets) F, ToU WAl fE N #h B 1F
fli B

3 5SS R

3.1 TEEXEEEE
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SAARAT S Pk RE, AT AFFARRS, Bl s
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FERM Z AN ANTFE GBI ERIT LR, A

5 OCT2017. APTOS. ISIC2018. Br35H. Brain
Tumor 5 RSNA, FiEAT T BUE G 7 o K AT 55 vF
i, VPSR ARELFE AUC 5 ACC, DLASTH S A A
Mo KR S e, 45 LS RSEI0 I T4 1H .
AR S BN

TERAE R 4y J7 T, 6T OCT2017 £ di 45, #
PEE Ry 770, IR 5 26 315 5K 1E & K]
%, ML 1000 7K EME, HA drusen I 42
DME J5 48 . CNV 4 42 J ) 4% 1F 7 BIE & 250 5K
XIT APTOS 45 4E, BEALIZEEH A1 1 000 5K 1IEH
BIEAE R4, B2 662 5k B4 (805 5K Ik
WG, 18575k EMEO ENINRE: T
ISIC2018 #i#a &k, WG E 7RI 77, Holgs
86 705 5K IEH BE, R B 46 193 7k BlE
23 5k B EM&, 705K 7% BB X T Br3asH L
PEEE, BEMLGEECIL R 1 000 5K 1F 5 EURAE NI 4
££, H 420005k EE (500 5K EH B, 15007k
e EMERO WE iK% ;s % T Brain Tumor (4
£, BEMLIGECH: G 1 000 3K 1F 5 B AE I 28,
600 7K 1F 7 FEE 5 600 Tk 7 & EIE (300 5K i i I8
300 5Kk D) AF 9 AR s X T RSNA Hdi 48,
B8 AL 3% B A i 3 851 5K IE G AE Nl R 4R
1 000 7k 1E# F% A1 1 000 7k S5 3 FUEAE Fil ik 4k
EHAE AR 7, ARG E RS —RER
256x256 B = R, IR B RMEHE — 1L 2[0,1]1X
), P 5% % RGB B8 (41 APTOS. ISIC2018)
K H ImageNet H 4 52 ¥ 35) B A0 b 22 3E 47 380 18 A
ek, XTI EMEG (nBr3sH. RSNA) R H
BRI TE SSEAbR AE 2 AT AR AEAL . 7E BRMEIE B %
b, ZESFEBME RS ERIEE F R K FL 433
Ketfig, BIFERAESE LA FEAR T R W IR E R
e BRI, THEN R FL 204, SR EUE F1 43 30sck
VPR B AR BRI, 4 3 R TR 1
WP AR R & R EE R TE BRI S 4L,
BRI R, RN, IGRIREBESEH,
AR 20T LE VR JE SO BT R i B AT S, DA
TR HE ) A . B () SEae &5 Rk 3 frs
Forbr, R ACER [ EHE 8 R e s T B i,
N RIG AR R 5 R a5 T R 7% .
32 ZRRESHHR
321 T EERBLERSHN

BT RIPURMI SIS LG R, A SC NG g 4t



- 262 - wofE W 4T %
R3 EFEERRERNSGEEEHRENTT
OCT2017 APTOS ISIC2018 Br3sH Brain Tumor RSNA
Jiik BEESit] N
AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC AcCC
AE — 86.84% 79.44% 81.45% 73.48% 71.48% 68.87% 97.22% 93.48% 82.44% 76.84% 66.44% 61.64%
VAE — 92.19% 85.95% 80.49% 74.96% 72.58% 70.48% 97.41% 93.67% 72.83% 67.86% 68.64% 53.13%
GANomaly ACCV'I8  89.60% 84.93% 80.05% 77.71% 70.39% 67.36% 89.28% 88.28% 85.86% 79.05% 81.37% 74.63%
f-AnoGAN  prwmapgy  MIA'T9 - 87.89% 83.06% 76.78% 77.22% 72.22% 63.90% 82.05% 81.80% 75.65% 71.58% 76.96% 69.35%
RD4AD ik CVPR"22  99.40% 97.20% 94.68% 88.77% 87.23% 80.65% 99.77% 99.24% 97.01% 93.25% 90.05% 82.56%
AE-FLOW ICLR23  98.02% 96.24% 91.47% 88.17% 87.82% 85.05% 99.11% 98.67% 97.14% 96.48% 81.94% 79.49%
EDC TMI24  99.56% 97.90% 95.41% 90.08% 89.33% 84.28% 99.85% 99.35% 97.21% 95.08% 87.20% 74.40%
EA2D TMI25  99.84% 98.42% 97.05% 93.89% 90.88% 86.87% 99.83% 99.44% 97.66% 95.89% 91.55% 85.48%
SALAD TMI21  95.58% 89.88% 77.38% 76.84% 74.57% 69.88% 97.82% 95.24% 94.47% 92.14% 79.47% 75.60%
PMSACL igi%i MIA23  95.84% 91.48% 86.97% 82.78% 81.48% 77.96% 96.48% 92.48% 93.88% 89.54% 87.45% 82.41%
PatchCL CMIG24  99.29% 96.76% 92.48% 88.49% 86.44% 82.45% 99.56% 99.01% 97.68% 94.98% 89.42% 85.44%
SimpleNet CVPR"23  98.45% 94.99% 90.48% 86.48% 83.05% 76.58% 98.88% 98.25% 96.42% 95.43% 78.18% 72.40%
RealNet %Tﬁé;;kﬂ’] CVPR"24  98.86% 97.66% 86.45% 83.49% 85.46% 82.11% 99.11% 98.60% 97.49% 95.89% 79.34% 76.49%
GLASS ECCV24  97.75% 96.48% 86.49% 82.49% 86.94% 84.19% 98.64% 96.54% 96.10% 94.59% 81.19% 78.98%
PaDiM ICPR21  96.88% 92.80% 79.00% 78.50% 82.13% 73.06% 98.90% 97.40% 96.78% 95.87% 81.48% 78.16%
SQUID ﬁ;ﬁ%i CVPR23  97.55% 93.70% 89.61% 86.20% 85.76% 81.76% 99.04% 98.48% 97.12% 96.03% 90.48% 88.41%
P-VQ PRL25  99.20% 98.94% 86.49% 83.48% 79.70% 76.45% 97.66% 93.74% 95.14% 92.48% 78.66% 76.58%

FEXF %K VERAT KRGt T, DLIT B HAE AR F IR
IR s M S R ZE R .

186 R B E L, SRR w077k
RAHEEMERER. R TEHEBEMNHIE
(RD4AD. AE-FLOW. EDC 1 EA2D) £ % ¥ 3k
AL LORFRS AL . o, EA2D 1R NiZyu
B, f£0CT2017. APTOS. Br35H Al Brain
Tumor (4 48 L3S T S BT S5 A0 RO A 0 2
Bt , AUC 7 5lik 51 99.84%. 97.05%-. 99.83% £l
97.66%, ACC L AH M 4ERFE R = 7KF-. RD4AD Al
EDC [FIFER B 7, 75 OCT2017 Al Br35H Hi i 4
b AUC It 99%, FIHZKTES & T IZk
PSR =5 BB URFIE, Refea R i E 2 g
. SR, 7R B BRI B X O
(RSNA) KT 45, %27 ik e RE B2 3%
T %, EA2D J5 i) AUC M OCT2017 ] 99.84% [
%91.55%, FREIEREIA829MNH %> f: AE-FLOW
1) AUC BE & M\ 98.02% P4 %2 81.94%, X —ILZ 15 B
FITIER B T e s A A B S 1B
SRR EEA R, M DLTE 25 AR 11 155 ) 25 40 v of

B TRUA1) HE A 0 3 AR

BT AR B ARNINEE 2N B E E R
Feaf (R K I i€ 77 . PatchCL 1R 1% 36 3 1 5568 1%
%, £ OCT2017. Br35H Al Brain Tumor #(# 4£ I
AUC 7 71550 99.29% 99.56% F197.68%, T
HEAEMN LMY . 7E RSNA i &£ L,
PatchCL () AUC & 3 89.42%, &t T 2 HH A
HiE, Bt R 4EE J1. PMSACL #
SALAD HEARAEH 70 H i 4 B vEReng iy, (HAEE %
s PRI Re R I, R B8
I FSCAATE S5 5% =) BV RHE R s oA BRI
RS

FeTE B T VEAEAN AT [A) R B H R i)
AE U 3) o SimpleNet 1E N 1% K H LMK, &
Br35H 1 Brain Tumor %{ i £ = AUC 73 %l 15 %
98.88% #1196.42%, fE I H AR S (A I 6 V5 HAE
RSNA ¥4 F AUC A 78.18%, 5 # It 77 % 4H
Z#it 134N 49 . RealNet F1 GLASS [A#E £ 81
FAL I PERE VR B RFAE, 7E OCT2017 F1 Br3sH (4
£ RN F, HAE APTOS Al RSNA i 4
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REPR S R P IXRBEET& Rl & s B T &
RS SR 2 R AT IEICRE B, MG kg S
H prdsl s A 22 e, R PE R 2 21 2
AR

B a2 VU AL ) 5 A TE R 8 3 5 N R B H ik
AL . SQUID /7 1 7E RSNA ¥idli 4 | AUC ik 3|
90.48%, ACC N 88.41%, TEMIFH XA XK E I
R R T 28T, AR T 02 FEAL
T A7 U R AR AE, BRI B b
HAER G, JREE Y S ORRRR R R IIRS R .
PaDiM 1 P-VQ J5 VA 7E OCT2017 F1 Br35H 45 ¥ 5 4
EAR T REFERE, Hod P-VQ£E OCT2017 %4
£ | AUCIE99.20%, ACCi% 98.94%, FWIiCAZE
LT EER EES TRER S TR TERSN
HE /1o

MEHE R A1 FE b, % 28077 4E Br3SH A
OCT2017 3X 2 Kb 457 AiE AH A B 5 1 0 48 B 5 3k
KA T, 2Bk AUC # T 95%; T 1E
ISIC2018 FIRSNA X KB A F IR 5t ikhid FAE
B EZH R S5 40 B B i B A b, R e T
B, J7ikimZ N . REJE7E RSNA £
#£ I, EA2D. PatchCL 1 SQUID %3 Jil PA 91.55%-
89.42% #190.48% ) AUC 1o J& 7 41, 4% 48 J7 ¥4
AE fll VAE 1] AUC 1N 66.44% F11 68.64%, i T
St TIEAE B ARG IR st () B

CRERE, R EEM IR R E X
KAERE ), EZHI S M RFFEREOUE: BIRE S
S ROz A, e 448 dn 4 LIl
R T8 G OB A RIE
HESIEZ A Re IV RR - T 1012 PRV HC J7 v 0 g B
HEREE = PN E . X —PERE T MR ER B,
J7iE B R 75 275 5 i AR SR RS R .
JERRIE RIGIR TR K, AR — VAR B .
322 EFFFARNG ES

A SRS AZ Ok AL K IR TR 40 N E
#. A8 BREYI5ICIZER 44> RS
Al BAENIZ R BRI S5 M A HE AR R
MEZE . SRTMEAE A, Tl A 1 AU AT 5 1Y)
RN, B TEARAEA A 80 1 —Ja N ek
LB, TR ST TS B B 1 22 X R
Ho HZOBERET &R EHAMILA SRR
PE, (AT 7L @I WL A DL R T kb .

T B i 190 X R A8 A 1) R R S R 3= G e
RIBETT, WA — SR KIEAEAESS; & B
B S HACIC PEVLBCSE 7%, AR il URIE S
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1E B i 28 U2 5 N 0] FHCZ B8, 8 fE e
ZRALRE I T A7 1 1B SR At 1T B %5 PatchCore
T3 st ) MR R 2 K e R A
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G B P SCAS AT 55 1 o G A 45 1R V8 AR BE D
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