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Abstract

Image anomaly detection is an important research topic in computer vision. This article mainly
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focuses on MRI medical images, aiming to improve the efficiency of machine diagnosis of diseases.
It mainly selects MRI data of human knee joints for experiments to study the defect detection effect
of the Ano-GAN model on MRI data. Through multiple comparative experiments, we continuously
adjust the number of layers and related parameters of the model network to obtain the optimal
model based on the slice images output by the software’s optimal model, as well as the losses of
the generator and discriminator network. Through the results of the optimal model output, we ana-
lyze the model’s detection effect on data, its effectiveness in detecting such data, and its applica-
bility in general MRI medical image detection. It is of great significance for improving the develop-
ment of deep learning models in the field of anomaly detection.
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SR ) R BAT S5 A TR A B R BE A B A . B IREF IR, CaARE%
VTR 2 2 N B AR EREAS I A, B ZE AR R R A A I L R A AR R S A A . {E FEE
r AT 55 J LA AFAE — AN LRI MR BREAEE R T o 5 FH X S/ f i B B3 AR AR R B2 2 STl
Zr— NP, AR AT EE Y A, R e B IR ATA SRR [1]. GAN M4 2
SEHRY R FRFB, ERKMF A, TR E 99 H AR —Fh oI 17 V2R S B R
K [2] [3].

A1 2E U A R B 2% S AR A TH SR LI L o s R R SR 1T, e AT N BIRI, 5 58 A6 2R A Bl
TEHR R R X R o BR2ER A T FL R SR 2, (H SRS R AFEE R, HAPaH CT M MR
KA GG ERARWZER, HERAR 2D FMEAR, WBadEmata g oz, BRI
BRI HARME XN, RAEEUE A SR N X, AT H B R I DG A 2 o 4 R =
XK H bR B, ARSCIERE N RO MRI EHGRIR FE 5 SRR BEAT B TE o 43 MR JBE 2% S) A AR Y
FEEE 2 MRI BB A8 ke 25 v i T A7 PR B IS & S

2. BIREAAXFENTE
2.1 iEHA

ASCHEEL) MRNet 2058 [4]5K H B ® . https://stanfordmlgroup.github.io/, #t#E€14% 17 2001 £ 1 H 1
HZ 2012 4F 12 /] 31 HIMIIAIZE AR R B2 2 oD AT 1 1370 IIRSCTT MRIAS T, ~FIY4EIRFE 38.0
% HH 569 Bl Lot .

ZHIREA T 1104 KO HE A, Horb 319 (A8 X RR 508 Yk H AR,  HON ks 25
HY AR T2 (sagittal plane T2-weighted series), AR T1 (coronal plane T1-weighted series)PA & il PD
(axial plane PD-weighted series) =F#zs, 1/ 1 Fran. 9 7 AR GIHSCH IERRRE, U RHE A8 2
MAFEFFHES MRI 3, DUEA — D2 RE . B85 il ZR4E: 1130 7], 1088 4 &3 .
BUESE 120 4. 111 A8, WA 1 PR, EIX BURHIGAESR 7 ELAE v Il 0T et 7
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sagittal plane T2

axial plane coronal plane T1

Figure 1. MRNet data slice view
[ 1. MRNet 1 H#LE

MRI [5]2& Rl T U 2R R BB B, TR kiRl s A s R &, 5 CT B&
FEHEARML, F AR BB, I DA R AR B SRS [ 5 A e A BE PR T R . 5 CT —
BRIV E N T2 8% RGNAFRLR, GlnME. e, eIt BTN, BERFER
PEBRSF IR A . BIRRE T IR, WHEAEERNZ AU, S AR BE S (X &
AR R, JUILT CT. MR ILIRBUG A Wi 7 £ S A I VAR B

Table 1. MRNet dataset distribution
%2 1. MRNet BIRE N

MRI 35732 PUER S AL
axial plane 1130 120

sagittal plane 1130 120

coronal plane 1130 120

MRI () T1. T2 J5 1A 9)2 2 M- E i 2 &, e ATeT BURE s EdE . 2T T1 HIERA
BN “TLIBUEAR” » FEMGIKR TAEh 48508 “T1” , T2 W2 mth. MR BE, T1 Mg s
BT IR 1 STBPERC € XU 7 ARF AL, 7T LU 2 2% M i A5 PR . AESEAZI, T2
MET 5EKEAK. W2 WRRAIHBIER AL ERK T2 55, @HRINYT. E£F5F, T
TH R BT AR (AL B AR N ETEANE

2.2. E AT REIE

U 24 [6]52 B Good-fellow 5 A3 PRI ZRA: B AL AOREZE 1 2 SE LB 72 1 — b
FRFB AT HAAE REREAREAE A — A JC I B I iR S BLSRIE AR, 2017 4F AnoGAN [ 7]
FUASE Y, BT E SR AR AT IR, AU IR SR I 2R . GAN HESLEH ¥ MR A=
Heds G Mm% DM RN ISR, RIS fE b, Snl 8 Bum R A 7> FON BB, A A s ik
A S R R AR B BB E AR “ IR Do J5iih GAN HEZE[FEIN B AT G 1 D SKARAAIR AIME

GAN M2 B8] #1%F GAN BT H AR, B T AR SE A2 $p_z(2)$, HSELHHE >
A $p_x(x), [FINAERCAFIFE M 2550 7 G #1 D, W GAN {1 H A7 T BLisid 4n R 2 sUHid -

minmaxV (D,6) =B, | 109D ()+E..,,, [ log(1-D(6 (2)))]| )
ix B 2 2B 2R 8 L0022 SR A5 R BRI SRR, RO 55 . D(x) R x RV T 31 S8 10
G, BAERERRA: D(x)=1logD(x)=0.
BRI, DOOFH L, logD(x) M &HU b, G(2) Fommirtisit 4 A it
FEAS, D(G(2)) WIS BN BEA R T SRR KA, BAERS UL T XA EUE 0, (H24PkAE
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REE, D(G(2)) k. log(1-D(z) Makuh, 2. JFEFGIEIIREL, 558 .
RSB RV (D, G) BT min/max BEARBA 2, M2 —A HAZ RN M minG , G i H bRk
Vi AR ER maxD, WK D Z17E G A IEOL T, mAV, B EA s, 15215068
TIEIF 5 e .

33T GAN ML EB fF A — A . ik G fl D W MNA R A S RG], i@
RARERE . WL RRME: € G EEMEIT, REBAENDHKE DL s RK Rt K885,
EUIZ I A gttt . 53— Rt D BIFHX 5 BT #o0

V(D,G) = [ Py (X)log D(x)dx + [ p, (z)log(l— D(g (z)))dz

=] Pa (010D () + p, (x)og(2- Dz

AT bR LRI MV (G, D) M AR, AT I AE, — A UL B 4
0(2)=x, FHHATHIG. IEEM p, (x) LBF LARFE T 2 I M4, FI— AR, 5o S
HREB, IRESCT IS, 4 paa(X)=2,p, (x)=b,D(X)=y . EII N B

@

f(y)=alog(y)+blog(1-y) )
XS f(y)R—Br S S, IR IHRE A
a b
friy)=2-2_ 4
(v) Iy “
"(v) = -2
fy)=0=y=—- ®)
a b
f'(y)=—-0—-—=<0 (6)
(=05
af(a+b) RARM A, MHT M SHENT 0, ZRERRAME, Hf(y)HBEX—ANEKIE.
JIESE
V(D,G):_[f(y)dx:s.[m?xf(y)dx @

Bk IR, RTAEA X,y HBAT LUBCGEAR BN A, BRI TS, 4 HAS
y=a/(a+b) 22, EN:
Pyata (X)
mm_pmA@+m@) ®
Hotb: RIE G, CROVEREN DL, I, V(G.D) T D BARE, BN G RE
T E. 54
C(G) = Puxa (X)I0g D (G)+ p, (x)log(l— Dg)

_ x)lo L(X)+ x)lo &
_.X[pdata( )log Do (X)+ g (X) Py ()1 g{ pdata(x)+pg(X)J ©)

P (X) Wlog| —Pa¥)
P (00,00 P B, ()
2 2

= _Iog4+j pdala (X)Iog
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X BUEIEAR NG BE 2, MG T A KL B, T KL AR KT T 0 1. JFH, BRAAERAN i
AFIB, HIXPAAHTE5340 C = (A+B) /2, MBI IS HUE 2 A 5 C I KL UM B 5 C 1
KL 8 — oz —, B

15D(AJB) =5 KL (AJc)+5 KL (BC) 10
Fit, f:
c(6)=-togt+1a (0L LY
+K+)g(x) s 1) pg,(x)} .

=—log4+2JS ( Paata (X)" Py (X))

1 JS BRI, 24 FLALY o (X) = P, (X) B, C(G) BB M —logd . ATLURHL, BN #L
B AR B AR 172, ORI TFAA MR — 8. S BAEW T 3 — D B AT R DA SR B 4 32 10
AR 12, ESERRRIAIT, J3UE DNN 1, G Al D /R ARAIAE R, (LRI (e P T LA At
7112524 AR B DR A8 B LA AR

2.3. DCGAN MR

DCGAN [9] 5t 2 IR BE AR R HIN 28, B I 32 B2 AE I 2% 2240 B odeidk 1 4k GAN, DCGAN A A%
S5 CNN 2R B 4 7 GAN JEOR B4 e 42 2%, [R]I DCGAN R AE B 00 28 14 3 245 19X 2%
#ERT CNN M b E, FIAI SR CNN R AEH, A iliaf WRH B AE B el T RABF 2 8
FHEE GRS RSP A AR N R — 22 5 E 2 H BN =, Skbr BIXE BT A Eah
A RS B — S B Zod A2 P B o)/, Be g I PR N 2R B2, S ZRnAesE . R A
I 1ERZ BB A R . B4 R B 28 H Tanh (Sigmoid) B sk, HAR =488 H
ReLu JiG sR%L. 7EH5 88 A E #0044 LeakyReLU JiE BRI %L

conv 2

conv 3 conv 4 64

Figure 2. Schematic diagram of generator network for DCGAN
B 2. DCGAN HY4E R =5 W 2% [R EE &

W 2 ix B conv 52Fr EJE deconv, tksE Pytorch 241 Convtranspose. deconv [ i) Al conv
O AR AT ARG . WG AR R AN A RS, Sta R, X — AR A (B 4,
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S conv B, RHAE EIZWT /N T HEIE HOZEE . HAF 7 A8 F DNN ) GANS Sz an
JE U«

1) flif stride Sk 4X pooling, 1M AANRER &2

2) G fl D F#EAL ] BN;

3) G H T 12 IR 30E B B0 F ReLU, {HU B Ja — 243 H Tanh 2804 sl MG 13

4) D WA J2 B0 R B8 LeakyRel U, {H 5% )5 — 248/ Sigmoid % A%

NRAFE T H AR O B R X IR /N DL S R 4 1 . 40, EEiniiidE CNN H A3y 2 80
R T KA AL BRI S B BUR AR /NS 1 SRIBURHIE, T AL ™ RN T BRI AE A 4E T
17 _ERFESERR Bl O BRI EHGAE, 8002 AR r] DALk B AR i i A R R . X —
mbs ATEAE Bt 2] A e 7S 7 X 2% AR BRI

24. BRFR O

i MRIFEER R, ERARSE A ORI, I ERR CRESE |, GAN A
R 3 TSR A L O A ORI TR 26—k 3, AT LA GAN BERUXE T MRI AR R HE 1) 5 Al
HARER . T DCGAN FE SR A HAR EREAT R sdt, Itk 7 BRI ZRig e, 42T+ 7 IR
FesE k. Ptk #E DCGAN AR I A RZ FTAEREAT MRI 2 AR B SRBERTIIRT 7T, 4 i HAS U 53 R
Ry I HTHAENL A YR T 12 W5 T R AT R SR

3.1. SLIR/RIE

T AE P 25 1T DCGAN ) JR B FE At |, A0 AnoGAN FERLIE 2 AN BT 11, W] 3 Fiom:
AR B, SR JE MR B, YR B E S IR I 2R A i 2% o anfiE FH I ZREE 8
ST MRl VIR AR AR B BRI AT ISR, Wt EEEdE. ISR EMmA— N m&E z, A
28 2 AR IEH IR . XA ELE DCGAN [10] [11]. IIZEM B L2 2547 GAN PI%%,  J5 1 it
BBt GAN I 2 (B EIG AN T 4 B B i R P N 7 1D DR 28 SR A T SR B ARG U

Bl —Le MRI SRRV, o8 1, BONSREEEEE, IIZRmHEH 5 U1 R 347148, 1228 0.
BB B RS R — MR B I A AR S BRSBTS THEA R G2) 5k
BV R AR k.

A AR E R TEFR G5 Ty 4R E R
G(2) A G(2)
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Figure 3. Experimental design flow chart
B 3. LWRItRIEE

3.2. HHANESETT
FARVAEZE AN 4 Frs, B0 N (@) A R gs G A () H B 28 4% o HARSZIAN R S sE —MBAE
ARz, R BIINEREF ARG, HEREE G@), #HE G@MEEEEE “1” itEHk, X
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AR A 2 K, SRR 2 (L, (BRI D, (R R R 2 roUl,
B 5000 YR EIE, NG INA IBER R 2 A ERMA ARSI EREEEME N “1” FEET, @
$ 2 UGN RZ, 8% G@).

BT Rz
MRIY] F
batch size x 20 x 1 X 1
1X 64X 64
CBATBLOCK
CBABLOCK
bx512x4 x4 CBATBLOCK CBA BLOCK
4 64 X 32 % 32
ConV2d
CBATBLOCK ConvTranspose2d v k4 X 4 s1
k4 X 4,52 CBABLOCK
b x256x8x8
ius x 16 x 16 v
CBATBLOCK 4 BN
b x128x 16 x 16 BN ‘ CBABLOCK
A 256 X 8 X 8
CBATBLOCK v Relu
E R
b X 64 % 32 X 32 Relu cBABLOCK | ™
| 512x 4 x4
512X 4 x4
CBATBLOCK
ConV2d
bx1X64X64 k4 x 4s1
L 1x1x1
(a) 2E R A% X 2% (b) 20 501 45 K] 2%

Figure 4. Model network framework diagram

Bl 4. REIMEIESRE

TR & 2 AN R AERIEE Y A, REETHERME G@)f “17 RuJResg, (il
E—EZE, e E R, BEHRTUIHE GRRME R 1 1k, IR T
iR b ) AR o AEMINARY B N B R SR [AEE, T2 IR E R EEE 07, b R AR R 748 =5
AR 7, SRIGK RN 2 B NE NG, 53] G(@2), ®BJailtH GRQRER “0” Wik, HTEAELE
BN AR E R “0” 1, BT bURJE AR G2)n] AAEdE “0” 1R48, eI Rih. mskhn
AR AR B 2 — 4 DCGAN 2% o IR B A sURAE T € AR BRABBOR S0 2 8, o i
Wik, EESH NP4, B Residual Loss Al Discrimination Loss, b Residual Loss 5 X :

R(z)=Y|x-G(z)| (12)

FR 2 BREETE, COQERERMBEG, x TN KIRE R . EaRFR A R B
NE R Z 220 . an AR s B R dldzis x, U R(z)#&/N . Discrimination Loss & 3 :

mq=zhuyfmum (13)
PR 2 RRBEER, GQEFAERMIEEG, x FRMAGIRE . f(x) i 58,
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PR RS — R I A5 R e X SRR AL S A AR e SR (0, T AR 8 = 1F — MRl A2
HRP4s, A U5 B R RN A R B A3, B SRR R 22 5. IR, S RAE I B A
AT x, U D)/
REFROM D@5, & e SR NRABR, Wrk:
loss(z)=(1-2)R(z)+AD(z) (14)
TE LA = 0.1 AR AR .
33 XWEE

Table 2. Experimental design
2. LRI

KIS £ Ve /A fTAR F Y R 7S
1 axial plane_ACL PD_ACL conv4 6000 1000
2 axial plane_meniscus PD_m conv4 6000 1000
3 sagittal plane_ACL T2_ACL conv4 6000 1000
4 sagittal plane_meniscus T2_m conv4 6000 1000
5 coronal plane_ACL T1 ACL conv4 3000 1000
6 coronal plane_ meniscus Tl m conv4 6000 1000

BTt 6 PSS IR VS K B T 6 =R A (RIS S B , Sl 22 X0 (ACL) AL 5 1 A AR 24 i Ao
WEIRN AT A, Wk 2 fs, ST PD. T2 JEAFIY) SR i #8 MFE A BE AL L 6000 5K 5248 AE Nl
SRR GAERY, G e Jy 1000 5K, 1 T1 J7 ) U0 Hdh S 56 43 A58 SCH AR i34 A AR AL, Xt
TFINZAE 5 B 2 54 3000 A1 6000, FEHL ¥ B A CONVA A A il 5% /0 25 FI1) 551 28 X 4% () 285, R T ol
LA F R RS IR, AR [R] A5 8 ) S 06 £ SR e s T LU AR 7T

4. GRS

AT — & seih ¥eit, @it PyCharm3.7 #E4T5256, TEEHF] T Torch HEZE. 126 AN Wi #4254
RO B AR L, AT B SRR EE, DR A i as A ) 2 48 E BN R E, WA RS
B AR T A R A P e iR R 5 e SR B, B & A5 AR B A AR B e 5

4.1. REIBSH

P 6 LSS, 3 AIEII SR AR FaE AT Sie . Seie—. EHEdE PD_ACL IlZ54E 6000, Wl
IR 1000, 14X 300 A5 BB AR a4t ISR, sl 5(a) s I B PD_m iIlZ54E 6000, i
££ 1000, 14X 300 15 B AL A Bl 285 tH AR, 401 5(b) B s 995 =« i U T2_ACL I3 4 6000,
AL 1000, 54X 300 KA BRI A et H 248, il 5(c) s SE3e Y. e ECEdRE T2_m IlZR4E
6000, 4 1000, 14X 300 Vi1 BRI AL e 4 th U RAAR, Al 5(d) B Sdie T e HCEdE T1_ACL
YIZREE 3000, WAL 1000, 54X 300 K1FBIBAY A e ds i AR, @l 5(e) s SEgesN: i
T1_m JIZ4E 6000, MIKEE 1000, IEAX 300 A5 BRI A a4 th A48, Wil 5(fFfR. mI PR HiIX
FNURSEES AT H ) 25 SRR SR U A2 EUAEF (1), 3% 6 TRBAE ) MRI 82155 55051 MRI © 4040,
t T B FEEA S MRS, BT 28 3000, ZHAMSZIGIIZRER—F, TTLEF e EHZED
RUF, FrLLilZRgE 3000 w2 LSRN ZRpiad 1,
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Figure 5. Generator network output image diagram
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W LRI, 3K 6 YRS B, XTI I I ZR R IR DG () MRI V) FridEAT 300 YR IZ5 S5 vl LA AR A
B . A IR I it 2 3 B AT LBt AE D_loss 7EI%48 150 YUE Rk T T A4, 7 0~0.1 2 [d]
BB, X 6 SIS AR — AR T 100 VORISR R, 200 LA, AERGESBR R
Wahoka T T,

Model D_Loss
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Figure 6. Model generator network experimental loss fluctuation diagram
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Figure 7. Model discriminator network experimental loss fluctuation diagram
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N VoV 2 Y ao)
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Figure 8. Image representation generated from sample extraction in the test set
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Figure 9. Experimental sample extraction abnormal score box chart
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