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Review of deep learning based methods for detecting focal liver lesions
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Abstract: The detection of Focal Liver Lesions (FLLs) is crucial for disease diagnosis and treatment. Traditional
detection methods face many challenges, and the application of deep-learning technology brings new opportunities. In
view of this, this paper systematically reviewed the deep-learning-based FLLs detection methods, and provided
specific research directions for the development of FLLs detection technology by analyzing the advantages and
disadvantages of related technologies. First, the public datasets of liver radiological images were organized and
summarized, and the key role of data preprocessing in improving model performance was expounded. Secondly, the
2D and 3D detection algorithms based on convolutional neural networks, Transformer, knowledge distillation, and
other technologies were compared and analyzed, revealing the technical evolution path from local feature modeling to
global spatio-temporal correlation. In addition, the temporal feature fusion methods for multi-phase images were
examined in depth, providing new ideas for dynamic lesion characterization. The review showed that existing methods
had achieved breakthroughs in detection accuracy and efficiency, but still faced challenges such as insufficient
sensitivity to small lesions, weak cross-device generalization, and lack of clinical verification. Future research was

recommended to accelerate the clinical transformation and application of deep learning in auxiliary diagnosis of liver
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lesions through multi-center data collaboration, lightweight algorithm design, and enhanced interpretability.

Keywords: deep learning; focal liver lesions; object detection; computerized tomography scan; multi-phase
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Table 1 Commonly used liver radiation dataset

e/ N RAGTFB 4% BdREM SRR (TSRE fai /-
R ARG, FEARRVDN, WS R ELE & T AT
SLIVER07'® CT 3D 30 mhd o .
ol JIE 0 5 P e DU
FEAS B /IMEARIE BB, A BT Bl X R T s, |
i 7] ; S
3D-ircadb! CT 3D 22 dicom,vk e 3 NPT B B B0
LiTS"® CT 3D 201 nii SYE] R CT BUBSE, SRR 43 &1 400 i F vtk i 4k
CHAOS™! CT,MRI 3D 40 dicom Pl 2 A T AR, SRR, B BRI SRR
A5 10 NES G HARAE,  Forh PR DS e A
MSD! CT,MRI 3D 644 i, I X s o
e o WK, ELAPE ML RV A B 7]
JFRIM Us 2D 367 / e FERA RN cchaey Sl A€/
ATLAS! CE-MRI 3D 90 nii.gz Pan SR LR 58 MR ARAR, SR AL AT 2 g 3 Sl b
TriALS 2024 Task1™! CT 3D 60 nii.gz il LRSI PN =33 e e o e W= &L i e |
- 18 105 BIRAL I (HCCO) B35 CT $d, T HCC
R _Qepll4l y;
HCC-TACE-Seg CT 3D 628 .dem gl R 5 5 E I 5t
LLD-MMRI12023!" MRI 3D 394 nii.gz ol LA MRI B, Wit 7 FTIER AR KA

3R B A T R A A A A P s A A
FERAE T EE R ARMELAE MR K2 RS
ToEUESTT, FTEBM T FLLs B At i)t
FCRVR BN o (HFR 5 4T — 8 M AL 5 ]
TREIAT S R P 0D A v 5 A SR A A (74 4k
795 A5 B 0] BT FLLs K 4T 55 (R BAT 55
WiAT R B BOHESE.

1.2 HuEAEAE

Hob A 24 A% ) FLLs AT 55, B i)
JoT B RN A B R AR (A WU e AR 2R . A
b, S B AT TIUA PR TR B 2 ST A T FLLs £
ME RS IR 2 —, AR S & RIS
THOL, PRz ARE JT . B AL B 3 A
BHIE e BRI am S P IR BEIE U & R H i i
ITmE A g, RBRIOOCEIE, PEEEER R
Hym i om e i — RKRYVBIAY 7T, ¥ RsdEEIf
FEHZEM, Rz EE . 2 MOTIEM
HEA NG T AR, DASE m BEG  J5 E R HEA
P, M B -4 S 4RI B 2 ST IR H
1.2.1 ##EFH%

JHF I 5245088 5 B, Ko O A 1 R 7, — )
ARG U F EENK LA 4T, B 25 B G g g
A A ERB ST S B R B E HU (B 7%

HEATACFR . T B SRS M S (A A AE X L
27, — MR L s ok o AR A S, R
FFAE CT BG5S, A 5 2 T ) P 5 1 4
Wtk R CT BRI LR .

SHAH 2:12% fe 5 T WG b & T2 A
BHZ, RS T EM& T HU {A7E[-100,200]
(VG EEI N, 55 AR DR S0 I DX 380 B BE, 23R4T T
CT g E 7 Btk . I8 CT Y1 R BUE Tl #1
B A 1 s

B 1 CTBRERKHLHED () s CT EE;
(b) HU M CT B (o) X LLEHEE CT E5)"
Fig. 1 Preprocessing steps for CT images ((a) Original CT
image; (b) HU threshold CT image; (c) Contrast enhanced CT
images)!'”’
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Fig.2 Deep learning techniques in FLLs detection
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Fig. 3 DETR structure diagram

T REERUNIZE S Transformer AR RAME, #E—
B 7 CSPTR (Cross Stage Partial Transformer)
Bide, MR 7RHERZRILRET), /£ Transformer /2
T T 2k BEER I, SRR
ZATF A AT M I AN [FREE FRHIER R, 32
i AN 4 R REAE A SR B T, RIS OR T T 15
R EE AN SN, (15455 8 B 3 &30 B FER2 B B B i
%L

Transformer REMIE R MG S, AZEHERE
(R B, AEEEASRDR B 0 B AR R B P, 4R
T TR S At e, WA R OIEEIR R S Ak
ARG ANt 73, DASR RSN Transformer 15K
MRS
2.1.5 AT CenterNet 495 Y BN 77 ik

I R 0 4938 B, 455 X B AN B Bl 2 A
BT X B 71240 Faster R-CNN, JH I A 1%
GG AE P EAT 7 ARG, A DUDKS 2 v (H R S
B BT YOLO RAN B 48 B & e A
R ER, REFE SR, (H AR % AR AT YTt
5 g B REOHE IR 5N B AR R . FHEE

[23]

YOLO ZFI I # 5 BUR M 2%, CenterNet™ 42 1 T
— AT OCHE UM R HE Y 2, I BRI A AR
s RS RSE, DUTRT ARSI A S S B 21 g 1|
g, TEPRFFSER M R 2 2 38T T 2 RUE B AR M
T& A

LT BARSS, PENG A1 YANGPOMR WY 7 —Fhidt
T CenterNet t5idE ) CT JHE ogd kil 7732, #% CT
PG I i oy 22 0 3 B R O SR R, IRAE
DLA(Deep Layer Aggregation) £ T W 2% 1 x A
ESE(Effective Squeeze-Excitation)if &y & J7HLH,
T A 3B T A /D At SR RS B R o R, 5t
TR RN, 8T ST A RURT LS
AE %) AR ABA B 5 Y R JUA R, AT sl D T AR 57
HE, LR 1 iR A O s IO AS AE B Y ), i — 20
Hi, MA PR H TDCenterNet i85 25 42 7% 2 7%
B JIM4Y Transformer B[P PpFIETE, 21
9% | CenterNet (M4 R bt Re /1, HEHGZR
FE TR RO N A I Ve RE, A B B G AR A
For ) RV AE I 2 R i S S T AR 20, X
2 W7 T CenterNet HEALE T S &L 5
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R IV RLG , £V DK B2 5 2502 J7 T 1) 4k
SRR
2.1.6 A TairRmmes AR KL

H1R 25 18 (Knowledge distillation) /F A #5284
RATIS I BB ROR, B HINTON 2552
Fotzo0 AR R @ o AT B AL, K s FEH S 2
HIZUMAR T (Teacher model)HH 2 75 (Mg %115 (Dark
knowledge) %1% 4545 F 20 7 AE A58 (Student model).
AT A 2 A ) 24 AE 25 H05E /D B O T 3A 31 5 0
28 AL 2 SE AP R HERA I, FEDR 528 o A S
TR XN

WANG P TR R 7 TS
M) SSD-KD(Self-Supervised Diverse Knowledge

Distillation), &2 FhEIIRGHBYV R B FART 25T,
A B IgGREN, RERATRERYE
BRI RFAERIABE Jy, HAPEIE S W 2 0 E 2,
SCHER[S113E— B AE e 2 T i R &
W77, W 4 frzs, KA YOLOx {E UMM 4,
TDCenterNet 1F N2 M %%, B & 18 L
SEIUENRZE T . IS B IER AR LE CT BUE R
BUAIRAE RN IR S 12 SR B Rl 2H 2300 EL
RIRE R, TR BTN R ZE . HERE 2
I3 AR STRFAE R B AR, T A BT AN [R] 0 485 )2 s
P R AE 22 S5 5 iR 2 2 X 4 2% S 38500 ) 28 %o A
T3 A8 S DX R R ) 90 A, DA R DA G 0712
FEARR B RE R s Aar /N b 11 1) R

Focus+Conv+BN+SiLU
(Yolox)

Conv+BN+

Relu+MaxPooling
(TDCenterNet)

Conv
Squeeze&excitation
SPPBottleneck
CspLayer
Conv2D_BN_SiLU

Transformer
ASPP
Residual addition

Channel splicing

ReLu

4 TDCenterNet &11R 281K & KB

Fig. 4 TDCenterNet knowledge distillation diagram

2.1.7 B TRERRTF ] T ik
54k % >] (Reinforcement Learning, RL)j&—#f
BLES 7 2] 732, 1l B Re R 5 PRI A2 %7 ) fe A
MR FE RIS . RL o] LR ) 455, iR fE
FHZE W 22 SR ALL RL o 0 SRS BRAN B PR, PR O9TR
FERAL 7 2] o IR BRAL Y ] IR I g5 T e
R E RE S, DAL T S i vk AR S5 . Horh
GRL (Graph Reinforcement Learning Network) g i
FERRA S ST —Ffr, I B 5 e 4R A ), Al
PR RN AR IR R, 2 EE B st
WAL, P A AL EE G A e s L RS 4%
BORIGOL, TRE T BUR AL B AL I A0 & 1
SCER[311FR 1 —Fh TR 2 e A5 R i sk,

[51]

2 2] M 2% (Pixel-level Graph Reinforcement Learning
Network, Pix-GRL), WIE 5 Frzx, HATHT MRI
B b o 1z 008 2 Tk, — 2K BRI
bR SO I 4 EE (Graph-driven context-aware agent)
By, H T HRAER R A SRR, Ja b SRR & 2%
P TR UZ B AMEi(Dual-level complementary
reward) 77V, A TAEMAL, DB BRI Zod
FEF N R ifE. GRL RN AT 5 [,
i RL MM 8 AHLE &, v LU 5%
KAMEAE . (H GRL 5 wifer kb3 B A & FE AR
AR 2 25 46 PR 15 2 BT e e K SR 44 55 i)
TR, AR A 1% 2 AUy . P AT 75 2k — 2
W FEAIRE



1 WA, G5 ST T MR ke A A 5 R 250k 9
Iterative exploration and update based DRL
Actions
(pixel value change) '
. .
. N - Takmg best ! .
o . action > : : »

— |
* I
I

Our graph-driven
context-aware
agent module
(effectively and effectively
modeling pixel-level agents)

Nonenhanced ' Current state

liver image

i Al-enhanced
liver tumor
image

Our dual-level
complementary
reward
(accurately
measuring action)

Next state

B 5 Pix-GRL 45175 & K BY

Fig.5 Pix GRL structure diagram

2.2 3DFLLs #iME %

S 2D A R R AL S R e TR
T TR, BHAEE SRR S T 2 AR
Slo 3D JyiFl I ARAR K o M 5 VR 4 S 5
A BRI, R SCK E SR 3D BR dnfer B A i A
R 3D SARTARR JkE J IHE EE AR A D A AL
THEEENEEYERE, O RS R 5195 22 (1) S
FTfE. F£T CNN [f) 3D 52A% T AEIm A8 4600 77422,
HBR I EA 2 2 2L 58 K PR E 42 B S5 18 K
WONEE ST, IR AR I SR 7 rIALIE .
221 HA#3D WL&EM

3D CNN 1E N —Fh & g vk 7 %8, TEM45 15k
M B2 S TR R P, 5 2D CNN HEZE
FHEE, 3D CNN S Re % ga it B8 8 3= & 10 2% (815
B, BAEB 7 2 G5 M AE R FE 7 A T S B 2 B A
MPERIR IR

TRIVIZAKIS 2504 2D CNN 47 & % 3D, LA
PR R FE & SRS I 43 AT 55 R M BE . 2D A1 3D
BRI 43 N SR BERVRFIE 32 B 2 2R B B
¥ Patch MRV AN BB, FF 0 Bl AE

[31]

2D 8¢ 3D ZEM AT ISR 540 38 S — BBl 2
A8 F IR 0 D0 24 25 5 4 TR 38 )= A N R A e
TEPR A 45, A S 1] B L REAT R ALE 42 ORI 7
Ko TIEE KN, 3D IREE > BERLE T b e
SPRITIARBL G, BA E AR A F1 2>
Ko Behh, AR FESRIE . ASE B R A B
Py, 3D oA B R A I H B A 3k
S EE o

N T SRR =4 CT 3R Hi ks 1) v R b AN
JUE 9% 45 I HE R R DN, CAT ZPTHE 1Y T VULD
(Volumetric Universal Lesion Detection)f# 4 42 4],
W 6 fius. AN RAE T 45 115 3D B
(Pseudo-3D convolutions)FHH At gt (7R B 2% ST H7
Ko O 3D GBRUE PR AER 4GRS T &
R4S 3 A2 PR (R 1 TREIR AN JAR) R i I8 2
M SEIL 150 = e fde g Ab 3. i 305 3D A Rt
i T YER RN RN = 4R AL ) 6
RS 1 R OK AR AE SR B RE ), VULD H) =4k
Ak B £ 79 A BB A% A ) Al AR ) RO £
AL o

CT 3x7x7 1x3x3 2D 2D ACS-3D |BRESES| 1x1x1 1x1x1 b
scan Conv Max-Pool Dense Dense Dense Conv Conv Conv B8 . eep
stride 2 stride 1,2,2 block block block stride 1 stride 1 stride 1 S L

N1

o)

ixix1 Rl 1x3x3 &g
Conv & Conv o 3

[l o ! =
stride 1 B2 stride 1 3

&

2D dense layer

ReL.U

BN

Transition layer

|
15 H

Il % 1x3x3 ¥ 5
stride 1 % Conv, stride 1 . &l
3x3x1 gl

Conv, stride 1 / <]

QCSJD dense layer

B 6 143D HH(PIDC)EFE
Fig. 6 Pseudo 3D convolution (P3DC) backbone!®”!
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YING 258U di ) 2 drat i R AT RS K95
J A5 I35 4 BB B A ) 2D CSwin Transformer §7 & 3]
3D fft A - CSwin Transformer (Cross-Shaped Window
Transformer) & —F {3t ] Transformer 2844, JiH it
TN E 1) EEARRAH 3R B G 1) R B ARk 78
2D CSwin Transformer H, & I AZIRBE ¥ 11 N EEDS
7 a5 G R X, R B R LR AR B X
HRIE O R . 1Z I BAKE 3D CSwin Transformer 14
Faster R-CNN HEZE () RFAESE B S o, DAAGEE CT &
BHmEE 3D L FXER.
222 RAEET KR

VATS 2648t — il & CNN 5 Transformer
HIR-EBIA, 10 B s 75 EHE  FLLs [
ME 42K, ZEMEET RQ+1)D BRI 3D
28 R RS AE, KL 4t 3D BN 2D ZH 5
1D WG, $EFI BREAL % . SEi T,
R(2+1)D kA G1Transformer 4 & VE R /1ML,
SR M T SR W EANE S, Rk T
CEUS B L FEG . A BRI Pk . 1%
3D 41 Z s CEUS ##a4E B AUC 0.823 7
FIMERAZR 0.78, #246 2D CNN B HIFET 9.8% 11

2D Pre-
processing
3D
U-Net
3D Pre-
processing

T
P
U 1

11.4%, FHAEFEA 52 ms, FEHORE 5 Sei k.

£TF CONN fJ5EE7E 3D S8 AT HEw A A v
RENT TZ N, A et 45 2.5D il 3D SR SEIR
SHERRAR R . SCRER[221EH T —ANMEE 3 A
2.5D Faster R-CNN w/FPN F1—“> 3D ResNet-18 [
LSS5 2 REHRIPL NG, 4T 2.5D
A 3D W5k, FIH CT 2800 = 0IA{E kT
FLLs HIEZN 503, REZERMIER N EZ
/N B P TSI O 5 A A S AR I A7 AE TR
M, (HH 2RSS 2 R R S5 K75 A R348
FEAE TR R .

Zfbldth, CHEN 251142 1H 2D I 3D CNN HE4E
AT 28G5 CT BUR BT Ak, a7
Jfi~. fE 2D SR Rk $8 7 2.5D EUR A FI
Retina U-Net 5%, 7 3D W IUHEZEF&$ T 2D
CenterNet 2% 1] 3D 4 R, 18 F AR 2453 2% pR 250 il
AR Ry, R T L1 52k R A R AR 2 47
SLIG R M5 2D CNN AL, 3D CNN ZEAG /N5 48
(< 20 mm)iF FILH B = U, RERAE 4 D
B FHPE(FPs) T 3D M %% U AN 86.8%, 1M 2D
M4 75.9% (p < 0.001).

2D
Retina U-Net

3D
Center-Net

B 7 2D 13D H il ¥ 25 AE 42100

Fig. 7 2D and 3D detection network frameworks

223 HAeb)H Tk

ZHOU 25104 3D H bk I 45 A 51 N e 95 2%
WO, SR AR B H SR A S AR B BR . %
7% K FH B 1& M AHEZE nnDetection, 43 A6 AR 7 44 73
555 BB B : iU 24T Retina-Unet (X 4%,
HEL IXIRFE N 25 (RPN) -5 45 1E 4 75 4% (FPN),
ik 3D W FEHERENA SR AR AL JEE AETR

[60]

B A RO RS AR 4 B o B RS, (TR AR TR
B KBEARATE 2D Y A MM X 3k, KRR
PRVERAS o SEEGFR B, 1245 Y 70 50 UE A R A0 M X
£ Ey Rk 3] 0.806 A1 0.726 HISMEFIIHEEE, IF
£ FROC fEtr E R E T MedYOLO F55%f EUASEAL
FINEAURTE T IEH CT b & 4295 A0 6 I ) &
P, I AIRR RECIST J7 #OFAGH 4L 7 — 2k i



&1

A, S ST R T IR JR e o AL K 5 vk 2ok 11

HAME (p<1.6x107), ME T HENELR 55
W B2 STHE 3D A AR A w0V 77

XU 25208 41 7 —Fh3EF 3D RPN (3D Region
Proposal Network)(RJ A Bk 96 SC & FR) = 2L CT
Eg 2 s B vk, i 8 Fizn. 3D RPN &5y
FH A B fi 32 1) — 4301 FAAHE(B-boxes), FFREWE 247
M B I, AR SGER T e 3D =
[ R PR I AR A

B8 ZHEEAT R

Fig. 8 Schematic diagram of multi organ localization
method [

LR EPTA, AT 3D AR TP AL I 4
WA T — RBIEFORCR , £ 5% Al v A 1 A i
T AT TR E . AR, TR R AR 2 AR AT
HERAZ , DA THETIAAE — LE SR BRE, g /N A2
FRIASE S0 E 73 AN A2 RN 2 275 993 2 45 1 B0 AR ) A 8 1B

K BAE R

PSR/ LR SF ik

IR
3 st B G N 75E

Z WA CT & —MEZERGHEA, Hid 2 kE
1 [R] — AL TR BUAS [ B i) it ) U, $ it B 4 T 1
TR ZEARE T B R RG ET LUE, FEA
F5-FF13(Non-Contrast Phase, NC). 3/ ik 3(Arterial
Phase, AP). []#k#(Portal Venous Phase, PVP)
JGEiR ¥ (Delayed Phase, DP) 4 4N A B 245K
. STOLLMAYER %8 7t %0, % M E&
B EGRR M EEENE R, A TR
W) 25 S Y AR 1 43 A I P 1A A AT B VA A A
WAL, NImPRIZ Wi T SE AR . SRTT 2 3 AH EIR
() FLLs Ao A T im Bk AR, an2eAS A S AR B o 2
A RIRITEARFR N, HAL B WA A E, W2
T E R R IX M AL, DLAER A IR AR o PR T
Z WA MBI FLLs fill, 52— 2wt ooy
VEFIEOAR,  DASE ks 0 f v P A AR 0 1 o

% 22 WA AH 2= 2= & 1) FLLs Rzl o7 72 ) et
TEMNZHMATF, £ EZENET EGHA T X
IS TR B SCdE R HEAT 4
3.1 ETEKMARN

T Z BB AT X E 5 R, IF
BRIV 3 M, &l 9 s HoA ELEAORURR & (1)
FLLs FudEE, 08 i 78 W 2 HE 48 AN [5] )
ANT7 s 2 S AH S K FLLs & il o

=

- P

@
B3y
(a)

el

3] I Jif bk 9

:\4-;
Bk

I Tk 391

sl

I Jif bk 39

)ik 3Y]
©

B9 AT (A=A CT BB ((a) HEE: (b) JFEE: (o) TREK)

Fig. 9 Input method (taking three-phase CT images as an example) ((a) Serial connection; (b) Parallel connection;

(c) Mixed union)

1) BT 2 AR B R A% i TR B
R PP R0, TR — NP4, B2 3l3E — i
NTER o 3X LA 27 5 AN [R] S 22 T8 FR) IS ) 488
Ao NI EE G el B2 AR AE AN R i B BR RS AR AR A

LEE Z51REL X 2 WIM CT FER Siik Ja A Il
4, MR BRI [TEIKANGER 3 > KB
YB3 A liE N, 2T RGB %5 14 . CHENG
2t 109) 4 it VULD(Volumetric Universal Lesion
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Detection) 5.3 H 5845 52 — AN BH ARSI N (1) )= R 14 34
17 7ok, vt T — M R IE BIREE A% 2 FLLs il
ik, MONFAHRFRS I (Hetero Phase Volumetric
Detection, HPVD). %M %% 1] LHz52 — N AT A 5
JUANM =4 CT BGA/E NN

2) BT 2 WIAH EE A 2 0l N A [
157 3BT W 25 BEAT AR 3 o BN 9 BT R 45
SEAE SIS I 1] SRR R 7R, FEE I RHE A B
HAERSEILEA PSR . HL 0T 78 20 F1 F A5/ B ) 550
HIAE IR, &I TE] A () A B FEAH BT, AH X gk
DX R RIS . SCER[2918R Y T — R IR T
CNN [)55e0&, T8 2 B CT & 3 e il A
SRR AL . KM 7 22 RSN, H5k
¥ 3 MRS 4 0d 2.5D Faster R-CNN i3
ITRAESREL, SR 544 52 BB FR Ak Sy N 3 — A 3D
ResNet-18 H 1 47 J 42 ) & Wl #4326 . itk 4,
KITRUNGROTSAKUL 5t 7 —Flof i) 2 R
JE AR AL 33 B IR 2 5 A Y 4% (Multi-Scale  Phase
Attention Deep Layer Aggregation, MSPA-DLA++).
ZITVEAE 28 R =B B A & 17 R B AN RAH A7 1
FRAE, A AE P 2% 1 B By B3 AT & 9. @
i fh 77 2, MSPA-DLA++AEWS 554 % F) FH 44
AL R AT S, FE 1S 53 AR A I ) R 1A

3) IBERETTR. B—FhgE T RIS
1 RE R 77 e R A 7 b, Jexd 4 1
AH MG R R B AN 7 SO AT WP R AR SR AL, SRS
5 Ay S AH S R F B H N 7 2R N 5 2R
2R AL B AT 2550 70 H . GUO M T —Fh
FEF54F b 4 586 75 (Contrast-Enhanced Ultrasound,

CEUS)I M Beo STHESE, I CEUS AR 1
MBIIKIA T kA G IR I £ 3 AN S Y ]
%, HIAE R A-P, PV-P 1 D-P 3t 3 X E4.
BB a3 6 BUR AT IR BE A 5G4
H1 (Deep Canonical Correlation Analysis, DCCA), %A
JaAER 6 MLEIRHIE. TrES —PrE, K2 ALy
fiE1% BT 2 4% 24 2] (Multiple Kernel Learning,
MKL) 73 I8 %%, DABR A b e i 000032 W 45 2R
%7715 AT DA A B A0 A v 20 B MR 2 T, (ERS
HHT CT B AR T
3.2 ETIRBIGMRI

Fr 1 2 S0AH AR S N B A R Sk SR, G ]
DU o A2 20 B A B HEAT D50k o R P = ) L )
St 2 A R B A0 B, 3= AL AT DL E B
S AN [ B[] R ) B S R, TS ) 28 B 56
XTS5 TTHR ] £ . WANG Z58HR 1 T —Fr
TR EE 27 ST I TR Y 6 22 H3AH CT BT b
B, FHA AL E B A P T (Intra-phase  attention)
FNHAAHE])VE 7 /1 (Inter-phase attention). HHAH PN =
73 B A — HAH A AR, T A R )
e T AN EAAE 2 18] 1) B EAE R

A YHIEE S CNN 5 RNN KA K248 %
SUUAR G IR ) _E 25 []_E 4R . GAO 251
T —/~4°4 STIC (SpatialExtractor-TemporalEncoder-
Integration-Classifier) ) B2 % ) #84,  STIC A4
BE 4 DMAFEKMBEL, WK 10 fros. K
SpatialExtractor L2 — ML CNN, i &R Z
$EHL CECT B 1 7£ 41 %% (8] F#4iE , TemporalEncoder
REHUE 1142 RNN K248 A [F) CECT AHALZ I8 [

Clinical data

| Spatial Extractor I

| TemporalEncoder I

Age Gender .. AFP
age3 male

CA199 HBsAg
... abnormall normal positive

Dummy
encoding
“7 TN

Score for Diagnosis
each type — result

Pre-trained network (VGG16)

Trainable network

10 STIC FibR!®)
Fig. 10  STIC module!®”’
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AL

A, ST A T T 2 A B ) kb B
o IR S i A — AN B AN A AT T
2k, ARSNGB B AT R B AR AR T, AT 3k
R REFMERE TR CHO VN5 1 K
AN ZR R N T 22 7 51 I MRT AT AT %
Rl Z% T —/N3% T HBP (Hepatic Arterial Phase)
i) HCC fr M %, &M T TIWI (T1-Weighted
Imaging)f1 PVP (Portal Venous Phase), {H[X T2WI
(T2-Weighted Imaging) I HCC 1155 5 HAhHHAH
AN, HAEAIZMN LS. XK, T 555 MRI
IR TH BN B2 W & 40 v] LS T HoAdL e 31
EUER, el L AR B S B B & . HA
[FJHAE CT B HCC MBS A £ER, %ITiER
MIEH T 2 WM CT 7t — 25k

gx ERrR, 22 A R AT L i B R E IR DA
e 58 R TR IR 7 s N2, [ AT DLRE A
JIMLELL 454 CNN Fl RNN DLRGER 2% 2] S HAth
BL SR s b PSR, DA & 22 A R IR AE 3R
INANAIATRE ST, BT A FLLs Al B2 At 5 AE R 1) 25
. HFHZWMEARLE 2D 5 3D Fild L %R
R &S, 2D FikiEd 2 5 SRR R G B E
FRIDRSC LA S B8 A, 1T 3D 7k R AR AR %)
BN M RS B AR AR A Re T - AT 5 Ik
A 2D B AT ) 3D 2 WIAHR G, DA
TR AR S YEFE (2 Wi A

4 LHpFIRE

TR FE 52 2D 1E FHFIE J& kb Vo A8 A DU B 7S 3
B AR SO T RS TR FE A% 21 18 FLLs &l 7 3%,
NEHE AE 2% SRR 3 B 22 AR BUR A B AT T &
AT, EBARIET, AFHARTIERMNEE S st
HE 7 P QE R A I 25 29w B, (HEBEE T
H As ks AT 55 B R B ik . VL= TR, 2D
K- CNN Al Transformer 5 511R & 18 25 35 R AE
¥ FE 5 R [ BRSP4, i 3D Aallid i == [|] R
SCEBLR F IR T T B AR RN EE T . 22 A A
G 4k B )38 3 B P REAE Rk A S B A AR — 2P
TR AR S W E o X 28 BRI PR S
Bhiz i fit 7 E RS

SRTAT, 4 H VR 25 ) L8 JF U JR3 Jeb e s 2 A ) 4
BT 2 0 e Ho—, bR HER 6 Bk DA ]
WEAEZE T, HEZANW 5 R — A S 4
B Z AN, T BCEE RS 2 A 2 DL S

R ACRE IR, H =, BEERRGAGE KL,
FOEMEREAAEIRSN: 2D K S vE Sl = X h 459 B
AR 3D REIITE /NG A8 R A 2% 78 46 R A
M FEAE R IR, HUIZ AR m. =, RG>
AR HL Z 300, 5 B Il PR S e - 4 8
HOREE AT o BP0 B i, R SRATF 78 Rl A LA
D AEERE

1) B IR AR AE . A SR 7L AT I i I
RFETHIRE L PO PMEMESE, 75 kAR i
o BRFA R JE At b SEIRES LA B S S B A A,
BT BB 10 R B R 4 22
IXFh S5 BUE BRI A, IR BLREAE 1 458 (1) & B
A R, E 38 R B 2 A M 1 [ B 2 PR N A
WA . IAk, AT EN SR 6B A 305 )
MU 5 B A S S e, @i AR A A b v o 4 3
R J7 58 B o br e AL R

2) HEROHIE IR ML AT ER & 2D/3D iR
G RN M a5 R Neural Architecture
Search, NAS)ZEHH AL AN, FEITHMERS
Y7 (A RRAE SR AR 0 o SV R N 5] N TRL R
HEFLFN 0 ST, 3G 5RASE L0 22 HTAH REAR IR B
SIS HT B8 7 LA B 2 9 A8 AR Sl 3 R A o []
R PE- SR F TR AR, TR FPGA Mg ()
BREAIA ST AR, 5 2 I PR S e ) 5 (e 4 5
BT R

3) A ERBEE S I RIS R . ERE R
JIREL RRAE SO S5 T AR R I AT HOR, SBiAsAY
IV X 5k 55 9 AR AIE 1) LW AT AL DR B, A AR T
I RS AR X AT A& SRS AT RS . it 2 T
S P 1 PR 0 s 0, 1 AR A H 6 | R BH P I R 5
e A S FR AR AR AL PPl 1 R, A0 UE RS BT
LIT ORI S BRI T RO - R AT dw 18 1E ThfE )
P THh A RGE R G, WEAS T REAN, 2 Al
HiGR TAEMmA .

4) B ERNRFE R A QR ST PR A L
BRI R -G R BRI 7 a5, @ RS T
A XA AR AM 5 R 75 SR R HE #52 o 4R
R AL FAR ST CT . AR 5 458 A Rl A%
WA P F BHT, MR R AR UE SL IR T AR R AR RE
11, TG F ARG 5 Al LD R R 5.
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