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Abstract

Medical imaging is an important auxiliary tool for clinical diagnosis. Medical images occupy almost 90% of clinical data.
Therefore, mining medical image information will be beneficial for intelligent diagnosis, decision-making and prognosis
prediction. With the emergence of deep learning, using deep neural networks to analyze medical images has become a hot
research topic. Following the process of medical image analysis, from the image acquisition, the image pre-processing to
the classification and prediction, the state-of-the-art applications of deep learning in each step of medical image analysis

was elaborated, and according to the existed issues and the challenges, the future perspectives were finally discussed.
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FEREWTTA] . JOIRTE | el IR T B FH 2D A& R
BT H], AT BRI TS, 747
FIFH = 423 (7] i 4R 305 S 42 5 43 51
JEUT, FCON R B 55 S8 05 1 0 hh s
AU, S G R 2 W R L SR EE R,
AT DURH s ARS8 S HISE R AT IR
SyEIGHT, SR Bk BGE B IR Z S RS
BEFNE B AE USSR &, IR mE RS
A3 BRI B . FCNITSg FAR K (angff7
FCN9I | fEAFCNEO Z 4 FCNEY
TRFCNB2ISE ) B )3z 7 51 45 Fh R 24 1K
G ENES T, HERM R,

U-Nets&H—FRFNGEF G T AH L
A0 25 AL R R R 65 A, 3 3o Bk B 2 S B
B FHE R g 2 S B Al &, 3k
PRAE S F A HERG . U—-Net Az HARR (4
Nested U-Net!8 V-Nets4  JHERHE
U-Net®) 7f 22 UG 43 ) EIUS T84
4> EN L5, & BT RS G 4 H 0
B Al

RN N2 45 485 1 = 950 2% 18 [ 24 ] 5
Sy R R A Z AR BT B &, HE
T KU1 R E R e A S ARNN Kz Ho AR
PR, AT S IR 43 o BB R A AL
CW-RNN (clockwork RNN) 861
SCLSTMAS AT HTE 1o P 4547 A1
MERKZR, SimEl 2. A |,
Chen J X&EA B X m] R SCLSTMASR
H——BDC-LSTM, RJI£E W it L]
R R T R[] R 88 AR T X ] 25 S BT S
KF, HARWRAZRES T EF5E
LSTMABIAY L,

FT GANY 43 1 1 =2 2 AR & A= Ak
A K A BRI AR 3 B A R, F A R
KA AT FIGE R . — AR FIM 45, R
B AR R FHFCNELEZE U-Net W HESE, H]
B AR L3 S 4% 45 4, WResNet

VGGE, BT GANMEREE G H R
N B 2 A S T4 20 2 24 AR 4y
HE T 55 Hpteo-921, 22y 8 UL R 24 15 45
TR T F AR 8 4 DA R oA EIPERE XS HL o

4 EFEBRAERIAR

41 EFEE» S

B 5 4 R R & T B ML G B
Z W (computer—aided diagnosis, CAD)
M fe 26 Hbm o FEVR B 25 5] VBT, ok A
N X EGARRAE (BB 20 | TP
R EGKEETTEE) , &R IEiG
PG, AT 7S B AL (3 Fr[h] &=
HL. BE R BEALARREE ) HE1T0 2K,
WIS NG A7, HAE MR 4
HUAH VRIT TS T T TRTEUS TR 2
EERYRCER, SR, A T SURFIELL &
WHE Py AR AR B B sgm 7o 25 mm]
SEMEA S,

ITAER, YT 27 S ) RO R
JCHGECNNEY 2 B2, 5T FH A 22
28 1Y | B U e B3 R A7 40 28k
REGES CNNER AR R T ZAE
FET R BN R 2 W a2 7T
N, BlanE T Kaggle AR IR EIK
AT RESE, Shanthi T4 A9 B
HEI Alex Ne t gE17 8 FR 905 A0 99 995 725 1
4y, HORE R LA EI96.6 %/ T
VGG, FIF M R H3E 47 il 45 1 B 4
2, HOR R mik99%199, HAT, 765 W
FICNNZE (R, ResNet fIIVGGHE E#5
13 2 I R B A 0, DRI K 22 0 i g
RS g A 28 FR G R 43 2 L O LA B 0
AR YU S5 3K TR A TR A Sy R e AR R R AT
(It

S5HAKEGHIEMEI, EEIGEE
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H BRI 2R R s Do IR,
NT SR R B RR S W R 1, T8
I FI TR RN 2R E A R 3 AT E
BN R W ILHIEI RS A H AR R
PG IR . BT IR FH A TR S
TR FEERE BB EFE B NITER
i, EECARRR T — R EE A E A
EG I 2R I 2B B G RRUR 250, I
IS HARBUE A BAAL, 28 )5 R %
AEZS G AR GEWIbLE 2 S T kit 73285 55
— IR B R BRI 2R I 5 A T S 50 R
NEAEBRI GBI uIG S5, @il
TR SR BE 2 B R 0326 . BR T H AR B
FIEAEGHERE, & w] LR A A R
EGEUE SR, RIZ A5 5 75 kAT
e s B, gRANIE A AR 72
B 1

BT I R AR 5 I A R I PR 125 4
CWEK (MEANZEKR 2T ¥

&2 BEN

B2 Wiy UL A2 W o 1 R DX R ey
AESE) Bl I, MR 48 lini R 2 A2 12 i ) 25
5o, HpSG AR R B s B2 W, FRdt T
IR PIRIZ I, TTCENTHR T “ PRS-
17 B, R G 2RSS N S BIMEHE TR
43, BRI Zsese > T R G 0 25155,

FEESTROMEIN 3 2T 451100100 ) BT 07 5
A2 > AT DA S o 2R R B . BT IR AR
WP = (AT ) o 4 B R S R, P
PERLLCY T T2 W) , TSR A R T 4
SRR AR ) 43 AR, JHCAE fifg 1 O2VRT B2 Jik
PRSI 12 W B HUS TR A R R B
T2 Wi RIS AR XL, 7 A E I
43 SR A2 Y, SRR B AG -
CNN (attention—based CNN for glaucoma
detection) "1 LACNN (lesion aware
CNN) HIHIABN (attention branch
network ) 199, JE G ATERETT, M4HTEL
FEE L LEDCIRL, T H2 = 43 SR RS B . it

REFIEFEERDENE

Hate TEEY mE ik AR SR
NERE RS 2.5D CNN ks FLEMR, O 28 Rk [77]
i MINES AT
2016 MICCAT IVDs#kfit3€ 3D FCN HEA]#EMR IIALAE IR 4 Dice=0.912 [78]
i te
2017 MICCAI Multi— JFEEMR PESiEN Dice=0.954 [81]
grand challenge on infant stream 3D ASD=0.127
brain MRI FCN MHD=9.62 (0¥ )
MICCAI 2009 LV Recurrent OMEMR B EGEEN Dice=0.90 [82]
Segmentation Challenge FCN APD=2.05
TCIA(ProstateX, U-Net %o Combodti 2 Dice=0.92 [92]
QINHEADNECK)
DRIVE., STARE. CHASH_ R2 U-Net EZ 4=t TAERE SRR Dice=0.86 [85]
DB1
PROMISE 2012 challenge  V—Net HIF MR Diceffide Dice=0.87 [84]
HD=5.71 mm
DRIVE Dataset, ISIC 2018 Bi-LSTM LA (=R TSN F1-Score>0.99 871
MICCAI BRATS 2013, SegGAN MR ZRJELJEEIRS Dice=0.84/0.85 (BRATS [100]
2015 20134 #a4E/BRATS
20155 #E4E)
INbreast dataset, DDSM cGAN LR E G DicelA N X Hifiik  Dice=0.94 (INbreast) [90]

dataset
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Ab, MR R A2 W B LR AL, an iR
0172 7NN NZA NN 2B S =0 S S S /N =
AL VR A R R B AR REA T R, 42
IR A 2R R, R — A an
Majtner TEEANOTEE A THAHIET LIRS
WL AR AT G, i T Rk
T4 RAOMERAEE; Chai Y DEEANCSLREA T
FEAERIR FE 27 ST R BE TR G IR 2R 3 25
A, NMLBLE IR G2 Xie Y T
SE OB N B B R AL [ B e B R R

A EGBFEINE I ResNet BTN,
SCHLHGE T IMER 2 o IR IR 2 >
FHES % 5 N THRHME T A BN EL &, &
AR T A A

4.2 EFERBHFAR

B P15 B AR IR LR T I RIS W
— I, BPAE— i B R R 0 AT AR AR
D3k, FFRHHEF 4328, AIEBHT R
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B N TARICIR DI I 2k 7 o )
R BE A SRR R F T HFR IR BN, F22
R E G N, B P A HICNNEEZ
BCHY A 2R IR R, K R R T H AR
DR 5 R o S B A H B AS:
&I A B A 2, G H 2@ Fast R-CNN
A Mask R—CNNAEL B, K5 0E
R B G S AN, BT — R BB A Al
RE Y B AR X (ELE AR 1K PR 2R A5 I R 57 A
FE— > DX OB B AN — A A B,
TR BT A T, R IO AR
Wi M PR A SE I PEZESK . YOLO (you only
look once) f1SSD (single shot multibox
detector) FHYFR R Aok T HARAG I OS2
INFREAT R, BRI 2R, Lin T YEEANS
FE i RetinaNet#5 5, FF6HA R L 2155
THL P 5 R RS P A L i e g 10T
CTREIG il a5 A os neirg - f iR 255
PIEPRT 2D B #T BARA I, 2208 73D
B Y Rz B A AE R T iR
FIR AR, T RNNFILSTMAYIR
AR W FH 31 B 2 e (g1l

AN, fEEE G B iR IR B, [FAE
AFAEELARAS FE SR I (AL DN T A e X1 [R]
B, BT IR S R RGBT
ok, T ImageNetUEHH THLIT RS,
SR £ 20 F e RN EE B i S
feriuren, [mEE, ET iR AR AR ST
T2 ] gk i F B ER A S g B AR A
HARCRAAGCLEI, HECHE R IR
5>, SEE M R E iR RS2 CASED

(curriculum adaptive sampling for
extreme data imbalance) Y, H A4
W CT EMGH Bl g =7 11220 JpAiE < - B At
1 (feature pyramid network, FPN) , H
SR AR B R MG, R 2 RO =
AR S HL R A e

G B REG BRI A & R R
R 2 W B e 2 B, 2 HAT AN TR REHL
ARG IREELS G T . 50U
3 PR T LRG DL EAT T M)A, DUE 3
PR H I e 7y n) o 3L HI T iR 432t
[ 122 27 B G U e 4 DSR2 S A, I
KT HA e RE

®3 ETREFINEFZBGRDETE

WE RS WARES Hr Kz SCHR

Jifi  LIDC-IDRI. ANODEOY challenge, &FfHIFZEMI%% ELREEAE S Sensitivity=0.854 [95]
DLCST
LIDC-IDRI FIHEES] 4 AUC=0.957 [109]
Chest X-ray 14 e S = WA £ 2 RN (2 S TR D s AUC=0.871 [102]
HUG database pu 2= [ oA i 8 43 28 Fl-score=0.88 [97]
LIDCEA KL N4 Him 5 b | fifi 515 R AUC=0.812 [98]
LIDC-IDRI FIiHEES] fifig 1542 AUC=0.957 [109]
LIDC-IDRI Vi | Jifigs 542 ACC=0.90 [110]

FLEE DDSM. MIAS, BCDR R3] FLAR I 42 AUC=0.997 (MIAS) [99]

AUC=0.956 (BCDR)

Fz I ISIC 2016, 2017 TR ] 3R P as AUC=0.914 [96]
2017 ISBI Challenge on Skin Lesion %11H%>] B 4325 AUC=0.917 [103]
Analysis Towards Melanoma
Detection, EDRA . ISIC
ISIC NTHES RS & i a2 AUC=0.780 [107]

[EJiE Messidor AlexNet T R AL I I AR 434 ACC=0.966 [94]
PR E R S ERITGHMEmMEE  FRRasE AUC=0.975 [104]
UCSD. NEH AL KNG TR 2 245 IR RS 4328 AUC>0.96 [103]
N EBEL S FIHEES] GRS ACC=0.915 [108]
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5 &FiE

AR ZE UG E AR 7 AR R ER
TRALEE, DLR R AR IR BN 43 2545 7
T, [ 7 R 2 =) M I A R 2 UG o3 T
ST N IR o RV IR B 2E SRS R (A
CNN., LSTM, GAN, & HHLH ., K5
B ERES)EE) FEE A EUGHT R CEUS:
N2 BEMWE, SRR B 22 S N F T IR IR,
i B I PR T RS2 WA S VR 32
LA LI IR

BT, B H9IR B ST 5215458
BRI A B K, TR B A bR
O R G E LR ER, H B AT IR
2 W T A R O VR R B ST, B
T8 H AN F0 R FAabh 2 5 i Tl AR TR A AR
M B, el e HA > 5 bR A £
FIEOUT, RS EE . TSN 2
G52 S SEVEL, B 43 S T (v
B e R TR

FLIR, PRI R AT i P ek R e 1
T B B R B 2 ST Py 2 S YRR AR TG v
IR fERE, RSB BrE A i ge 24
it >R F TR DAR, — B9 2 053 A ke i A
RUFNEE SR AT R R, (B2 5 Im IR 7 Rk 2L
SR AT R S AR A il i — & 1Y
FEES o DRI, B 90 3 B 2 SRS TR P T i e
T7 2 A G AU I 58 R Ao

B S, ANRT i e A R I g A
157 A DI P ME R o DA U B 22 ST R 2 (Y
E X R —E IR SR ORI AT, TOEAEANI 45
FRJIRT OO0 T, 65 Jef o T 0 3 At %65 40 £ o 7 26
FROG T RIES B RBIRE. RIER
(] &5 PR 22 AN T, AR 052 05 1 s A5 R B T
RERANAH ], 1X B A H R 1) B
AL 2 o QAT i A AR AL AR
B ZERG UL RN 2577 =0, 2 TR B 25 ) B
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